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Harmful Algal Blooms (HABs) of the toxic dinoflagellate Alexandrium catenella are an annually
recurring problem in the Gulf of Maine (GoM), resulting in risks to human health and substantial
economic losses due to shellfish harvesting closures. The monitoring approaches in the region are
restricted to real-time identification of the HABs events, when they are clearly underway and already
causing deleterious effects to the environment. To fully function as an early warning system rather than
an immediate response, monitoring strategies need to be focused on environmental conditions
preceding A. catenella HABs. However, the current understanding of the preferred habitat for A.
catenella in the GoM is still scarce due to the complex interactions between this organism and the
environment. My dissertation research contributes to the solution of these problems by determining the
preferred thermal habitat for A. catenella, contrasting environmental conditions for two extremes in A.
catenella concentration, and exploring the benefits of using high resolution spectral data to characterize
the GoM surface waters. This dissertation is focused on the application of current and future remote
sensing technology to the measurement and management of GoM HABs. Chapter 1 briefly introduces
the problematic of HABs, monitoring efforts and the study species. Chapter 2 characterizes the
interannual variability in the thermal habitat and bloom phenology of A. catenella in the Bay of Fundy,
identifying the environmental conditions associated with this variability and its responses to climate

change. Chapter 3 contrasts the optical and thermal conditions associated with two extremes in A.
catenella concentration over multiple years and areas in the GoM and establishes a set of typical water
types for each concentration category. Chapter 4 characterizes the spatial and temporal variability of
hyperspectral reflectance of surface waters in the GoM and determines the advantage of hyperspectral
resolution over multispectral to identify important spatial patterns and regions. Chapter 5 will conclude
with a discussion on the implications of these results to monitoring efforts in the GoM, implications of
climate change, and discusses future directives to further explore habitat suitability approaches in
monitoring efforts.
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1. INTRODUCTION
Harmful Algal Blooms (HABs) are events of increased growth and accumulation of a phytoplankton
species that can produce toxins or cause deleterious effects to the environment. HABs occur naturally
worldwide due to variations in the local phytoplankton assemblage, water conditions or trophic
interactions, but are mostly a coastal phenomenon. Over the last several decades, the number of
reported HABs have increased worldwide as a result of enhanced conditions for phytoplankton growth
and eutrophication (Hallegraeff, 2010), as well as increased awareness and the capacity to identify and
monitor such events. The health risks that HAB events entail and associated economic losses due to
shellfish harvesting closures and restricted beach access, make them a focus of intensive research and
monitoring efforts (e.g. Babin et al., 2005; Anderson, 2009). Estimations of the annual economic impacts
of HABs in the USA vary regionally according to the species causing the HABs and the parameters used
to estimate these impacts, such as tourism, real estate, recreation, and commercial fishing, for example.
Direct effects on the shellfish harvesting industry alone can reach $17M in the Gulf of Maine (Jin and
Hoagland, 2008) and $20M in coastal Washington (Dyson and Huppert, 2010). Meanwhile, DeRose et al.
(2021) performed an assessment in Lake Erie with a wider scope of parameters and estimated an annual
average loss of $142M. In regions where HABs occur regularly, monitoring programs have been
implemented to assess the quality of the water and the toxicity levels in shellfish (Anderson et al., 2001;
Anderson, 2009).
In the Gulf of Maine, northeastern U.S.A., the dinoflagellate Alexandrium catenella, which produces a
saxitoxin and causes Paralytic Shellfish Poisoning (PSP) is responsible for annually recurring HAB events.
An extensive coastal toxicity monitoring system was implemented in 1973 by the Maine Department of
Marine Resources (DMR), sampling bivalves to measure the toxin present in their meat in key locations
along the coast (Shumway et al., 1988). The expense of the program means it is restricted in time and
1

space. Extensive research has shown that the levels of toxicity in the very near shore often does not
correspond to the extension of the bloom offshore (Anderson 1997; Townsend et al., 2001). This
characteristic of local HABs of A. catenella is a result of a) coastal connectivity and particle transport
(Conlon et al., 2018), b) life cycle and population dynamics in A. catenella altering intracellular toxin
concentration (Poulton et al., 2005) and c) coupling mechanisms and bioaccumulation in bivalves (Bricelj
and Shumway, 1998). As part of their life cycle, A. catenella forms resting cysts that can lay dormant in
the sediment or bottom waters for many years forming major seedbeds (Anderson and Wall, 1978).
Conceptual models for bloom development were extensively described (McGillicuddy et al., 2014;
Anderson et al., 2005a) and they highlight the importance of the coastal boundary layer and associated
freshwater flux in the inoculation and dispersion of A. catenella cells from two major seedbeds; in the
Bay of Fundy and offshore of mid-coast Maine. However, high concentrations of A. catenella naturally
occur in offshore areas, away from coastal boundary layer and freshwater influence (Townsend et al.,
2001; Townsend et al., 2005a). The combination of varying biogeochemistry during the vegetative
phase, coupled with the distribution and density of the cysts beds, renders A. catenella blooms
remarkably variable between years in intensity, areal distribution, timing and toxicity (Thomas et al.,
2010; Anderson et al., 2014a).
The Gulf of Maine hosts a seasonal succession of phytoplankton assemblages, creating a dynamic
relationship between A. catenella and other species. The contribution of different size classes to local
chlorophyll-a concentrations and local richness and diversity vary seasonally (Durbin et al., 2003; Record
et al., 2010). Diatoms dominate during the March-April spring bloom, while dinoflagellates, including A.
catenella, have minimum concentrations in March, increase around May and last until the end of
summer (O’Reilly and Zetlin, 1998; Kane, 2011). Strong spatial and temporal segregation have been
reported between A. catenella and diatoms in the Gulf of Maine and Georges Bank, possibly linked to
competitive interactions for resources or allelopathy (Townsend et al., 2005b; Gettings et al., 2014).
2

Laboratory and field experiments with the Gulf of Maine populations of A. catenella have shown
allelopathic interference upon the growth rate of other phytoplankton species, including diatoms and
other dinoflagellates (Hattenrath-Lehmann and Gobler, 2011). Such dynamic interactions between A.
catenella and other species, as well as spatial and temporal variability require high spatial and temporal
resolution sampling efforts, as well mechanisms to accurately differentiate the phytoplankton
communities to properly characterize the phytoplankton environment in the Gulf of Maine.
The complex oceanography, strong seasonal cycle and wide range of environmental conditions in the
Gulf of Maine exacerbates the spatial and temporal variability of A.catenella. The region is recognized as
one of the most biologically productive in the North Atlantic, with a seasonal cycle in phytoplankton
biomass marked by blooms in the spring and fall, and low concentrations during winter and summer
(e.g. Thomas et al., 2003). Local circulation patterns which are a key factor controlling the distribution
and transportation of A. catenella, change seasonally in response to variations in tidal mixing,
stratification, surface heat flux and wind forcing (Lynch et al., 1997; Xue et al., 2000; Li et al., 2014).
Coastal freshwater discharge also controls A. catenella distribution as it affects the connection between
vegetative cells and local seedbeds (McGillicuddy et al., 2003). In the Bay of Fundy, the Saint John River
modulates the retentiveness of the surface gyre, resulting in A. catenella either being transported
southward along the Eastern Maine Coastal Current or staying within the gyre and repopulating the
seedbed (Aretxabaleta et al., 2008). In mid-coast Maine, freshwater discharge from the Penobscot River
controls the connectivity of the Maine Coastal Current branches and its offshore extension, which
transports A. catenella across isobaths (Pettigrew et al., 2005).
Globally, warming oceans have received increased attention with respect to the occurrence and
intensification of HABs as water temperatures reach values that support maximum growth of these
species, including A. catenella (Gobler et al., 2017; Seto et al., 2019). The Gulf of Maine is subject to
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global climate change and is experiencing a dramatic increase in its surface temperature regime and
shift in seasonal SST phenology (Pershing et al., 2015; Thomas et al., 2017). Phenological shifts in the
physical environment (e.g. periods of stratification/mixing, changes in the precipitation regime and
freshwater discharge) are also expected to affect the phenology, life cycle and cyst dynamics of A.
catenella blooms (Hallegraeff, 2010; Brosnahan et al., 2020). The current warming trend for the region is
0.4˚C decade-1 and is expected to increase, along with an increase in precipitation and freshwater
discharge from the watersheds in the Gulf of Maine (Huntington and Billmire, 2014; Thomas et al., 2017;
Brickman et al., 2021; Balch et al., 2022). As temperature, freshwater discharge and local circulation are
important mechanisms controlling the life cycle and distribution of A. catenella in the Gulf of Maine,
effective management requires that current predictive models incorporate these changes for future
scenarios.
One exploitable feature of many HABs is the water discoloration resulting from the excessive
accumulation of phytoplankton and its effects on the surface water optical properties. Such features
allow many HABs to be identified and tracked using airborne surveys and satellite imagery techniques.
Numerous remote sensing technologies and approaches have been utilized to allow a synoptic
assessment of HAB distribution and evolution over time (Kirkpatrick et al., 2000). For example, a
combination of ocean color imagery and circulation models are used to predict the occurrence and
distribution of Karenia brevis HABs in Florida (Stumpf et al., 2009; Carvalho et al., 2010) and of Pseudonitzschia spp. in California (Anderson et al., 2016). Several other examples of successful methods
integrating remote and autonomous monitoring of HABs exist (e.g., Carvalho et al., 2011; Schaeffer et
al., 2018; Wolny et al., 2020). In most locations, however, there is considerable interannual variability in
the environmental conditions leading to the HABs, in the algal abundance and distribution, and in
toxicity (Anderson et al., 2014b), presenting challenges in monitoring and forecasting HAB events and
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their impacts. An effective and consistent way to accurately identify HABs using remote sensing
measurements is highly desirable, reducing economic and health loses considerably (Babin et al., 2005).
With such strong spatial and temporal variability in the physical processes and biogeochemistry in
the Gulf of Maine, in-situ surveys, which are limited in space and time, cannot capture the full variability
in either A. catenella distribution or the oceanographic conditions in which they occur. Alternatively, the
use of free and readily available remote sensing ocean color products has proven to be a reliable tool to
assess HABs elsewhere (Cannizzaro et al., 2008; Kudela et al., 2015; Anderson et al., 2016) and in
specific regions of the Gulf of Maine (Devred et al., 2018). However, application to the entire Gulf of
Maine has not yet been attempted due to the lack of a consistent in-situ sampling of A. catenella bloom
progression. Moreover, because A. catenella can cause shellfish toxicity at very low concentrations (200
cell L-1, Martin et al., 2010), it creates minimal optical signals that cannot be distinguished using current
ocean color satellites. By combining optical characteristics with physical and biogeochemical
parameters, associations between A. catenella presence and specific water types can be established
(Devred et al., 2018). Alternatively, the use of diagnostic pigments for phytoplankton groups and their
distinct optical characteristics allows for further discrimination between water mass optical
measurements (Jeffrey et al., 1997; Nair et al., 2008). This improves the assessment of community
structure with in-situ and remote optical instruments (Blondeau-Patissier et al., 2014 and references
therein), although not necessarily allowing isolation between A. catenella and other dinoflagellates.
However, most current ocean color remote sensors are multispectral with few and discontinuous
spectral bands at specific regions of the visible and infrared electromagnetic spectrum. These bands,
optimized for quantifying stocks of phytoplankton, are less useful to fully characterize optical water
types or phytoplankton communities.

5

Instruments with hyperspectral resolution are deemed a promising tool for further identification of
HABs, potentially isolating their optical signal from the rest of the local phytoplankton assemblage. In
fact, several successful examples exist for HAB species identification using in-situ hyperspectral data (Lee
et al., 2002; Craig et al., 2006). However, in the Gulf of Maine hyperspectral science is still underway.
Previous optical assessments in the region were multispectral in nature and focused on quantifying
chlorophyll variability (Thomas et al., 2003; Song et al., 2010) or patterns in optical properties (Balch et
al., 2004, 2012, 2016; Sauer and Roesler, 2013). The advantage of hyperspectral over multispectral is the
acquisition of information in regions of the visible spectrum where species-specific phytoplankton
accessory pigments are important absorbers (Bricaud et al., 2004). Hyperspectral data also provides
more statistical power to solve for spatial and temporal variability and classification of optical water
types, especially in coastal areas, where very minor spectral nuances can separate waters with distinct
biogeochemical conditions (Mélin and Vantrepotte, 2015; Kutser et al., 2020).
This thesis is broadly focused on the application of current and future remote sensing technology to
the measurement and management of Gulf of Maine HABs. In chapter 2, we characterize the
interannual variability in the thermal habitat and bloom phenology of A. catenella in the Bay of Fundy,
identifying the environmental conditions associated with this variability and its responses to climate
change. In chapter 3, we classify the distinct optical water types in the Gulf of Maine during A. catenella
bloom season and identify their association with the occurrence and distribution of A. catenella. In
chapter 4, we characterize the spatial and temporal variability of hyperspectral reflectance of surface
waters in the Gulf of Maine and determine the advantage of hyperspectral resolution over multispectral
to identify important spatial patterns and regions.
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2. INTERANNUAL VARIABILITY IN THE THERMAL HABITAT OF ALEXANDRIUM CATENELLA
IN THE BAY OF FUNDY AND THE IMPLICATIONS OF CLIMATE CHANGE
2.1. Chapter Abstract
Globally, Harmful Algal Blooms (HABs) are an increasing problem. In the Gulf of Maine and Bay of
Fundy, blooms of the toxic dinoflagellate Alexandrium catenella are annually recurrent phenomena. As
this region is one of the most rapidly warming areas of the global ocean, an improved understanding of
the mechanisms driving the initiation of local A. catenella blooms, their interannual variability and the
implications of future climate change is critical to local monitoring strategies and marine resources
management. A 27-year (1988-2014) time series of weekly A. catenella cell counts from the Bay of
Fundy and concurrent satellite-measured sea surface temperature (SST), freshwater discharge from the
St. John River and wind-driven turbulence are compared to assess their relationship to variability in
bloom phenology metrics. Bloom metrics (e.g., initiation and termination dates) are determined by using
a cell concentration threshold calculated annually. The thermal habitat associated with early detection
of A. catenella (200 cells L-1) and bloom initiation are defined by sampling a 11 days window of SST
centered at these dates. Onset times of the thermal habitats are defined as the first of 10 consecutive
days above the thermal habitat value. The mean thermal habitat associated with early detection of A.
catenella is 6.5±1.6˚C, whereas that of bloom initiation averages 9.2±1.5˚C. Both thermal habitats for A.
catenella are trending earlier over the study period. Bloom initiations that precede the average thermal
habitat onset time (occur in colder water) are associated with higher spring freshwater discharge and
are generally weaker blooms. Increased spring freshwater discharge is also associated with earlier
bloom initiation and earlier maximum concentration dates. No significant relationship was observed
with the strength of wind-driven mixing. Removal of the mean thermal seasonal cycle shows that
surface temperature anomalies have a strong negative relationship to the bloom phenology metrics and
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arrival of thermal habitat: warmer years are linked to earlier arrival of thermal habitats (~12 days ˚C-1)
and earlier detection and bloom initiation dates (~33 days ˚C-1). Using these relationships and present
trends in Bay of Fundy surface temperature warming over the period 1982-2019, we project the arrival
dates of bloom thermal habitat and bloom phenology metrics out to the middle of this century. Based
on current rates of sea surface temperature change, bloom phenology metrics (e.g., bloom initiation,
early detection), can be expected to shift 1-2 months earlier in the season by mid-century. Such changes
in the phenology of A. catenella blooms will need to be incorporated into both monitoring strategies
and forecasting models for the region.
2.2. Introduction
Harmful Algal Blooms (HABs) are events of increased growth and accumulation of a phytoplankton
species that can produce toxins or cause deleterious effects to the environment. HABs occur naturally
worldwide due to variations in the local phytoplankton assemblage, water conditions, or trophic
interactions. Over the last several decades, the number of reported cases of HABs has increased
worldwide, as a result of enhanced conditions for phytoplankton growth and eutrophication (Anderson
et al., 2002), as well as an increase in awareness and the capacity to identify and monitor such events.
The health risks posed by some HABs species and associated economic losses due to resource harvesting
closures and restricted beach access, make them a focus of intensive research and monitoring efforts
(e.g. Babin et al., 2005; Anderson, 2009). For these reasons, major goals of HAB research are to identify
the mechanisms controlling the formation of these events and quantify their links to habitat variability
(Gobler, 2020).
Among the HAB-forming dinoflagellate species, the saxitoxin producer Alexandrium catenella is
responsible for Paralytic Shellfish Poisoning (PSP) events around the globe, including coastal regions of
the United States such as Alaska, California, and the Gulf of Maine (Lilly et al., 2007). This organism
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possesses a life cycle that includes an overwinter resting stage as a cyst that often sinks to the surface
sediment. Encystment at the end of the seasonal bloom is connected to degradation of environmental
conditions for cell growth (Brosnahan et al., 2017). Germination of the cysts relies on environmental
cues and endogenous regulation, which play a more significant role in shallow or deeper regions,
respectively (Anderson and Keafer, 1987). The importance of benthic cysts beds and their respective
germination to inoculate the surface waters have been explored globally (Anderson et al., 2005b;
Mardones et al., 2016; Tobin et al., 2019). Variability in the time interval from germination to bloom
initiation and mismatches between benthic cyst abundance and subsequent bloom magnitude,
however, are commonly observed (Díaz et al., 2014; Martin et al., 2014a). These mismatches have been
attributed to bloom formation in adjacent regions and transported locally (e.g. Mardones et al., 2016),
rapid depletion of cysts in the sediment (Díaz et al., 2014) or variability in germination rates (Matrai et
al., 2005).
Several studies have assessed the conditions associated with the formation and development of A.
catenella blooms after initial inoculation. Advection, temperature, and nutrient conditions are viewed as
key drivers for A. catenella population growth and bloom development (Stock et al., 2005; Hattenrath et
al., 2010; McGillicuddy et al., 2011). Stratification and local hydrography have also been identified as
bloom regulating factors (Blasco et al., 2003; Moore et al., 2009). In the Gulf of Maine, interannual
variability in distribution and intensity of coastal toxicity events (e.g. Thomas et al., 2010) presents
challenges to the identification of mechanisms regulating A. catenella blooms in the region
(McGillicuddy et al., 2005a). The formation of stratified conditions in the Eastern Maine Coastal Current
has been shown to enhance the development of A. catenella blooms (Townsend et al., 2001). In the Gulf
of Maine, Anderson et al. (2014a) identified a statistically significant correlation between the
overwintering abundance of cysts in the sediment and the magnitude of bloom events in the Gulf of
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Maine the following year. This correlation, however, does not occur with blooms of A. catenella in the
Bay of Fundy (Martin et al., 2014a).
The Bay of Fundy is a partially enclosed bay in the northeast section of the Gulf of Maine (Figure 2.1)
famous for extreme tidal amplitudes. The central portion of the Bay ranges from 75 m to 150 m deep,
and its counterclockwise residual circulation over this deeper, central portion is strongly dependent on
the tides and buoyancy promoted by river discharge in the region (Aretxabaleta et al., 2008). The major
contribution in freshwater input is from the St. John River, located at the northwestern end of the
central gyre. The local oceanography allows the formation of a self-seeding and perpetuating bed of A.
catenella cysts in the bottom sediments (Martin et al., 2014a). Persistent blooms of A. catenella (e.g.
Martin et al., 2006a; Martin et al., 2014a) and local shellfish harvesting activities have prompted the
Canadian Dept. of Fisheries and Oceans to maintain a weekly cell count monitoring program at Wolves
Islands, between the 50 m and 75 m isobaths.
The northeast North American continental shelf, including the Gulf of Maine, is among the most
rapidly warming pieces of ocean on the planet (e.g. Forsyth et al., 2015; Pershing et al., 2015; Kavanaugh
et al., 2017; Thomas et al., 2017). Associated with this warming is a shift in thermal phenology, with
spring arriving earlier, fall later, and summer lasting longer (Thomas et al., 2017). These findings suggest
that summer water column conditions such as stratification might also have temporal shifts.
Superimposed on these long-term trends in sea surface temperature are episodic heat waves, that have
become more frequent, with strong impacts on fisheries and ecosystem functionality (Mills et al., 2013;
Pershing et al., 2019).
Warming oceans have received increased attention with respect to the occurrence and
intensification of HABs. In several locations, water temperature is already reaching values that support
maximum growth rates of HABs-forming species (Gobler et al., 2017) and this is expected to occur in
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several other places in the future (Glibert et al., 2014). The response of HABs to climate change,
however, extends beyond just growth rates and thermal response curves. Changes in other aspects of
their physical environment (e.g. increased stratification, changes in the phenology and amount of
precipitation and freshwater discharge) are also expected to affect HABs species (Hallegraeff, 2010) as
well as their life cycle and cysts dynamics (Brosnahan et al., 2020). Understanding the present thermal
habitat of HAB species and its trends, and how the physical structure of the environment impacts the
development of blooms is a crucial aspect of predicting future scenarios.
Our goal is to investigate the environmental links to A. catenella bloom development beyond the
local inoculation of cells from cysts present in the sediment. Ultimately contributing to the
understanding of environmental forcing on the dynamics of A. catenella blooms in the Bay of Fundy and
building an assessment of the potential impacts of ocean climate change into this understanding. Here
we focus on the vegetative cells of A. catenella and the phenology aspects associated with their
seasonal blooms. We assess the thermal habitats associated with early detection of A. catenella
vegetative cells in the water and bloom formation, and investigate their links to interannual variability in
sea surface temperature, freshwater discharge, and wind mixing. We then present simple projections of
the observed thermal habitats and bloom phenology metrics into the middle of the 21st century.
2.3. Materials and Methods
2.3.1. Alexandrium catenella concentrations and bloom metrics
Vegetative cell counts of A. catenella from the Wolves Islands station (Figure 2.1) were obtained
from the Department of Fisheries and Oceans Canada technical reports (Martin et al., 1995; Martin et
al., 1999; Martin et al., 2001; Martin et al., 2006b; Martin and LeGresley, 2014; Martin et al., 2014b;
Martin et al., 2014c). Weekly surface samples, from 1988 to 2014, were collected, preserved and
enumerated for concentrations of A. catenella (details in Martin et al., 2014a). Daily cell count values for
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each year were linearly interpolated from the weekly data during the bloom season. This monitoring
station is the only one in the Bay of Fundy with such an extensive and continuous time series of A.
catenella cell counts and we make the assumption that these data are representative of trends and
bloom dynamics in the highly advective southwest and central Bay of Fundy.
Metrics characterizing the phenology of A. catenella blooms were determined following the
Threshold Method proposed by Siegel et al. (2002), with modifications for application to our dataset
(Figure 2.2). Using an annually varying threshold value instead of a fixed cell concentration permits the
metrics to be calculated similarly in years with stronger or weaker blooms, for example. In essence, this
method determines annual periods of elevated concentrations based on the date in which A. catenella
surpasses and remains above a given threshold for a consecutive period. In each year, the threshold was
set at 10% above the annual median. Testing of different values for this percentage (5-25%) had no
significant impact on bloom initiation and termination dates. A concentration of 200 cells L-1 normally
corresponds to the minimum detection levels of saxitoxin in samples (Keafer et al., 2004) and is a
common threshold for monitoring purposes. For years in which the 10% threshold was less than 200
cells L-1, a minimum value of 200 cells L-1 was stipulated as the threshold.
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Figure 2.1: The study area showing major geographic locations and bathymetry (m). The sampling site
for Alexandrium catenella cell counts in the Bay of Fundy at Wolves Islands is denoted by the blue circle.
The OISST domain in denoted by the gridded area with shades representing the different areas using in
our analysis. The red 4 grid points near Wolves Islands originated the OISST data to define the thermal
habitats for A. catenella. The area we term the central basin of the Bay of Fundy, and used to calculate
the onset dates of the thermal habitats, is represented by the orange and red grid points. Finally, OISST
data used for climate and long-term trends analysis are derived from all grid points (red, orange and
yellow shades) and extend from Grand Manan Island (United States) to Cape Chignecto (Canada). Wind
data was averaged over the entire Bay of Fundy.
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Before applying the method, each year of data was examined to determine whether a bloom actually
occurred by stipulating a minimum concentration of 500 cells L-1 to characterize a bloom event, the
usual concentration causing PSP events in the region (e.g. Martin et al., 2010). In our time series, every
year easily surpassed this minimum concentration. We addressed the possibility of multiple blooms in a
single year by flagging all the days in which A. catenella concentrations surpassed the threshold and
then searching for a gap of at least 14 consecutive days. If a gap existed, a multiple bloom event was
characterized, and the phenology metrics were applied to each bloom individually. By using an interval
longer than the sampling frequency of 7 days, the variability in the detection of the metrics using the
threshold method is reduced (e.g. Brody et al., 2013). Horizontal transport, for example, can accumulate
or dilute particles in an area over short time periods without necessarily characterizing a persistent
bloom. Use of 14 days to characterize a persistent bloom and reduce high frequency variability is
supported by the strong advection that is common in our sampling region (Aretxabaleta et al., 2008).
We determined the day of the year (DOY) of the first occurrence of 200 cells L-1 of A. catenella,
hereafter denoted the “Early Detection Date”. Bloom initiation date was defined as the first of 14
consecutive days above the annual cell concentration threshold and bloom termination was defined as
the first of 14 consecutive days below the threshold. The date of maximum concentration is defined as
the DOY of maximum cell concentration, while bloom duration was defined as the number of days from
initiation to termination. These provide 6 annual bloom metrics (Figure 2.2): i) Early Detection Date, ii)
Bloom Initiation Date, iii) Date of Maximum Concentration, iv) Bloom Termination Date, v) Duration and
vi) Maximum Concentration (Magnitude). Multiple blooms in a single year occurred in 6 of the 27 years
of data available (1989, 1996, 1997, 1998, 2000, 2009) (APPENDIX A). Among the years with multiple
blooms, only 1989 and 1996 had second blooms of greater magnitude than the first bloom, while the
other four years had much smaller second blooms. As the focus of this article is on the environmental
conditions associated with initial seasonal onset of A. catenella blooms in the region and early detection
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dates, in years of multiple blooms, analysis is focused on the first bloom within that year. Moreover, the
environmental and ecological conditions present during the second bloom are not necessarily the same
as those from the first bloom in the year and discouraging their aggregation in the same dataset.

Figure 2.2: Conceptual example for bloom metrics and thermal habitat determination for A. catenella.
The continuous black line represents the hypothetical distribution of A. catenella concentrations over
time; the red dashed line corresponds to the annually-specific threshold (year median + 10%) and the
colored boxes highlight the time window within which we gathered temperature data to characterize
the thermal habitats (EDTHab and BITHab). Dashed arrows indicate different metrics of A. catenella
blooms determined by the Threshold Method.
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2.3.2. Sea Surface Temperature
Daily, quarter degree spatial resolution Optimum Interpolated Sea Surface Temperature (OISST) data
were obtained from NOAA National Center for Environmental Information1 for the 38-year period of
1982 to 2019 and subset to the study area. Daily sea surface temperature (SST) data were averaged to
monthly means, and from these a 30-year (1982-2011) monthly climatology was calculated. Monthly sea
surface temperature anomalies (SSTa) were calculated by subtracting the climatological months from
their associated monthly SST values. A time series of mean SSTa representative of the main seasonal
vegetative cell growth period was calculated by averaging the SSTa from March to July (SSTa Mar-Jul)
within each year over the 23 grid points covering the entire Bay of Fundy. Daily SST values from the 4
grid locations closest to the Wolves Islands (Figure 2.1, red shaded areas) sampling station were used to
determine the temperature range for A. catenella thermal habitats. The 12 grid locations that cover the
central basin of the Bay of Fundy (Figure 2.1, orange and red shaded areas) were used to estimate the
onset time of A. catenella thermal habitats and their spatial and temporal variability. A larger region
encompassing 23 valid grid points over the entire Bay of Fundy, from Grand Manan Island to Cape
Chignecto (Figure 2.1, full gridded area), was used to estimate long-term spatial variability and calculate
regional trends in SSTa. This use of different grid sampling regions reflects i) a small area, most directly
related to the sampling site of A. catenella to define thermal habitat as accurately as possible (4 grid
points at Wolves Islands); ii) the central basin area is the most common area where blooms of A.
catenella occur in the Bay of Fundy (see surveys examples in Martin et al., 2014a); iii) the entire Bay of
Fundy, as climate and long-term changes are expected to impact at a regional level.

1

https://www.ncdc.noaa.gov/oisst
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2.3.3. A. catenella Thermal Habitat Definition
We characterize the thermal habitat of A. catanella during two specific moments in time associated
with the initial development of the annual bloom (Figure 2.2). Early Detection Thermal Habitat (EDTHab)
is the SST when the early detection value of 200 cells L-1 is crossed, and Bloom Initiation Thermal Habitat
(BITHab) is the SST when the bloom initiation cell concentration threshold is reached. A. catenella takes
a varying length of time to reach high concentrations after the 200 cells L-1 threshold date. For
monitoring purposes, both the early detection and the bloom initiation thresholds are important.
The temperature envelope for each habitat was determined by sampling the SST from the 4 OISST
grid locations closest to the Wolves Islands station in an 11-day window centered on each of the two
bloom metrics dates each year (Figure 2.2). For each habitat, the mean and their standard deviation
were calculated over the 27 years of A. catenella cell concentration data, using the 4 grid points and 11
days of data (1188 data entries). The 11-day time window was a compromise between maximizing OISST
values for meaningful statistics, but remaining less than the local integral time scale of variability (~13
days) in the OISST data, to minimize sampling across event-scale variability.
Using the temperature interval (mean ± standard deviation) described above, we assessed the
occurrence of temperatures above these values in the central basin of the Bay of Fundy (12 grid points)
in each year from 1982 to 2019. The onset of a thermal habitat was defined as the first of 10
consecutive days above each temperature threshold at each grid location in the central basin. This
procedure was repeated 3 times for each thermal habitat (EDTHab and BITHab), one using the mean
temperature that defines the habitat and then using the upper (mean + standard deviation) and lower
(mean – standard deviation) temperature envelopes. To avoid influence from the previous year’s
seasonal cycle, we initialized the analysis after the winter minimum in each year, commonly observed in

17

February. Finally, for each of these procedures, we use the standard deviation within the 12 grid points
as a measure of local spatial variability in the onset time of the thermal habitats.
2.3.4. Other Environmental Metrics
Daily Cross-Calibrated Multi-Platform 10m wind zonal and meridional components, at quarter degree
spatial resolution, from 1988 to 2014, were obtained from Remote Sensing Systems2. The time period
was selected to match the available A. catenella vegetative cell concentration data. Grid locations in the
center of the Bay of Fundy were used to minimize the influence of land and then averaged together to
provide single daily wind vectors representing the study area. From the zonal and meridional
components, we calculated wind speed (𝑈, m s-1) and the turbulent momentum (𝑈 ∗" , in m3 s-3) as a
proxy for wind-forced vertical mixing in the region (Equation 2.1):
#!"# × &$ "/(

𝑈 ∗" = 7

#%!&'#
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× |𝑈|"

(Equation 2.1)

where 𝜌)*+ and 𝜌,)-.+ are air and seawater densities, taken as 1.225 kg m-3 and 1023.6 kg m-3,
respectively, 𝐶/ is a drag coefficient (dimensionless) of 0.0013 (Smith, 1988; Klinger et al., 2006). An
annual value of wind-forced mixing was calculated in each year as total integrated 𝑈 ∗" from March to
May, the period important in the seasonal onset of stratification and bloom initiation.
Freshwater influence on the study area was estimated from hourly water level data from the St. John
River, obtained from the Environment Canada3 using the closest station to the river mouth (station
01AP005), for the period from 1988 to 2014. The St. John River has the largest discharge of any river in
the Gulf of Maine region (Townsend et al., 2010) and directly affects the circulation and water column

2
3

http://www.remss.com/support/data-shortcut/
https://wateroffice.ec.gc.ca/
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stability in the Bay of Fundy (Aretxabaleta et al., 2008). Similar to the wind data, an annual value for
freshwater influence was obtained by integrating the daily water height from March to May.
2.4. Results
Interannual variability differs in each of the metrics of bloom phenology and magnitude over the
study period (Figure 2.3). The early detection dates of A. catenella are relatively constant through most
of the time series with a mean of day 140 (Figure 2.3A). The early detection date occurrence ranged
from day 95 (in 2010) to day 181 (in 1988), with a persistent period of relatively earlier observations
from 2008 to 2013. Bloom initiation dates (Figure 2.3B) range from day 126, (early May, 2012) to day
216 (early August, 2003), with an average date of day 167 (mid-June). The highest concentrations of A.
catenella are observed, on average, at day 195, with the earliest and latest dates of maximum
concentration also occurring in 2012 (day 157) and 2003 (day 252), respectively (Figure 2.3B). The
termination of the bloom occurred between late June (day 176) and late September (day 272) with the
average on day 211, late July (Figure 2.3B). The average bloom duration is 44 days, ranging from 23 days
(2014) to 95 days (2012), and maxima are evident in 1999, 2005 and 2012, with blooms lasting 80 days
or more (Figure 2.3C). Maximum cell concentration in the bloom is highly variable between years (Figure
2.3D) with lowest concentrations in the period from 1996 to 2000 (mean of 3x103 cells L-1) and highest
concentrations in 2004 (3.2x105 cells L-1). Early detection, bloom initiation, and maximum concentration
dates all have decreasing trends (occurring earlier) of ~ 0.75 days year-1, but none are significant at the
95% confidence level (t-test, n = 27).
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Figure 2.3: Time series of A. catenella bloom metrics from 1988 to 2014. A) Early Detection dates; B)
Bloom Initiation dates (black), Date of Maximum Concentration (red), and Bloom Termination dates
(blue); C) Duration (in days); D) Annual Maximum Concentration of A. catenella (note log10 scale).
Dashed lines in A, B and C represent the mean and the vertical bars on the left are the standard
deviation of each metric over the study period.
The thermal habitats in which the seasonal bloom metrics take place are shown in Figure 2.4. The
EDTHab for A. catenella in the Bay of Fundy ranges from 2.1˚C to 10.5˚C with a mean of 6.5˚C and
standard deviation of 1.6˚C (Figure 2.4A). Most observations (~ 47%), however, are in the interval of 5˚C
to 7˚C. The BITHab ranges from 4.7˚C to 12.5˚C with an average value of 9.2˚C and a standard deviation
of 1.7˚C (Figure 2.4B). The temperature values for BITHab show a bimodal distribution, with an increase
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in frequency between 7˚C and 8˚C and then between 9˚C and 11˚C, where most of the observations (~
46%) for this habitat occur. Kernel density estimation showed that the temperature values for each
mode of BITHab were centered in 7.5 ˚C and 9.9 ˚C. Further investigation showed that 53% of the OISST
temperature values composing the first (colder) mode were originally from just four years (1994, 1998,
1999 and 2005). Although we recognize that it misses some detail, for simplicity, we opted to use the
overall mean (9.2 ˚C) and standard deviation (1.7 ˚C) for this habitat, as these values approximate those
of the second mode, in which most of the observations occur, while still encompassing both modes
peaks.
The OISST data allow an estimate of the annual date of onset of the EDTHab and BITHab over the
main basin of the Bay of Fundy as mean values and associated uncertainty. Both habitats show a strong
interannual variability (Figure 2.5). The mean date of onset of EDTHab is day 146, and ranges from day
116 (2012) to day 163 (1992) (Figure 2.5A). The onset dates of the colder values of EDTHab (minus 1
standard deviation) display stronger interannual variability than the mean or warmer values. The upper
and lower limits of EDTHab occurrences are, on average, on day 160±11 and 130±16, respectively. The
average onset date of BITHab is day 172, with the latest date of this habitat in 2004 (day 191) and the
earliest in 2012 (day 144) (Figure 2.5B). Variabilities of the mean and plus and minus one standard
deviation are very similar. The lower and upper limit of BITHab occurrences are, on average, on day
155±11 and 188±11, respectively. Both EDTHab and BITHab have similar, significant trends towards
earlier dates. EDTHab decreases 0.54 days year-1 (±0.12, p<0.001, n=38), while BITHab decreases 0.59
days year-1 (±0.13, p<0.001, n=38). The fastest rate of decrease (1.02±0.16 days year-1) was observed for
the lower temperature bound of EDTHab.
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Figure 2.4: Frequency distribution of temperature from the 4 OISST grid points near Wolves Islands,
from where A. catenella was sampled. SST in each of the 4 grid points were obtained during a 11 day
window centered at the respective bloom dates, over the 27-years sampling period (1988-2014). A)
Early Detection Thermal Habitat (EDTHab) using the Early Detection Dates; B) Bloom Initiation Thermal
Habitat (BITHab) using the Bloom Initiation dates. The total number of valid pixels for each habitat is
1188.
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Figure 2.5: Interannual variability in the onset dates of EDTHab (A) and BITHab (B) for A. catenella in the
central basin of the Bay of Fundy (12 grid points) over the time period of SST data availability (1982 to
2019). The darker lines and shaded areas represent the mean arrival date over the central basin for the
mean temperature (central line) and ± 1 standard deviation defining the habitats (obtained from Figure
4). The lighter lines and shaded areas represent the spatial variability in the occurrence of the end
members of the temperature envelope over the 12 grid points of the central basin in each year. The
upper (lower) light blue line corresponds to + 1 standard deviation (- 1 standard deviation) obtained
when estimating the onset of the thermal habitat using the mean temperature + 1 standard deviation (1 standard deviation). The solid lines in all the cases correspond to the time period (1988-2014) of A.
catenella data availability, while dashed lines represent the period of only OISST data availability.
Separation of the years into those in which blooms of A. catenella occur prior to or after the date of
the mean BITHab in the region is one approach to assessing the relative association and importance of
other bloom characteristics. A strong difference is evident in bloom magnitude between weaker blooms
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in years when blooms precede the mean BITHab date (occur in colder water) and stronger blooms in
years when the bloom follows the date (occur in warmer water) (Figure 2.6A) (p=0.036, n=27). No
significant difference was evident for bloom duration (Figure 2.6B). We examined the extent to which
readily available environmental variables linked to stratification, as wind-driven turbulence and
freshwater discharge, were associated with A. catenella bloom timing. Years with blooms prior to the
mean BITHab date (in colder water) are associated with higher total integrated early-season discharge
(March through May) than years with later blooms (Figure 2.6C, p=0.03, n=27). No significant difference
was evident in the integrated wind-driven turbulent momentum (𝑈 ∗" ) (Figure 2.6D).

Figure 2.6: Differences between years in which blooms occur before or after the mean BITHab date.
Boxplots showing the mean, standard deviation and total range of the Magnitude (A) and Duration (B) of
A. catenella blooms, spring St. John River Freshwater Discharge (C) and spring Wind-Driven Turbulent
Momentum (D), (C and D are integrated in time from March through May).

24

The relationship between the integrated river discharge and two metrics of A. catenella bloom
phenology, bloom initiation, and date of maximum concentration, are quantified in Figure 2.7. Both
metrics decrease (shift earlier) with increasing total freshwater discharge. For both metrics, the strength
of the relationship is weak due to a few years falling outside the main trend (e.g. 2003, 2012 and 2013 in
both metrics). We also investigated the effects of the timing of maximum freshwater discharge from the
St. John River on these bloom metrics, as freshwater discharge is strongly seasonal in mid latitudes
systems, however, no relationships were evident.

Figure 2.7: Relationship between the integrated (March through May) freshwater discharge from the St.
John River and the Bloom Initiation Date (A) and Date of Maximum Concentration (B). Highlighted years
are displayed in gray.
The impact of SST interannual variability on the timing of habitat onset and bloom phenology is
isolated by removing the seasonal cycle and comparing each onset time to averaged SST anomalies for
the period of March through July (SSTa Mar-Jul). There is a strong relationship between the dates of
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onset of the two thermal habitats and the Bay of Fundy SSTa Mar-Jul (Figure 2.8A and B). Colder bloom
seasons (negative anomalies) are associated with both EDTHab and BITHab occurring later in the year at
the rate of 11.4 and 12.2 days ˚C-1, respectively. Although this relationship is expected, the rate is an
important quantification for forecasting strategies. There are also relationships between SSTa Mar-Jul
and both early detection and bloom initiation dates (Figure 2.8C and D, respectively). Although the
relationship is weaker, trends are evident and significant, with both early detection and bloom initiation
dates occurring later in colder bloom seasons at a rate of 32.3 and 34.8 days ˚C-1, respectively. These
relationships suggest an important linkage between habitat, HABs timing in the study area and
interannual variability in SSTa, and so potentially to local warming associated with climate change.
Given the possible linkage between SSTa and A. catenella bloom development, a view of future SSTa
in this region with rapidly changing ocean climate is highly desirable. A simple extrapolation of historical
SSTa trends in the period of March to July in the Bay of Fundy provides a view of what the SSTa may look
like by the middle of the century (2050) (Figure 2.9A). The mean SSTa Mar-Jul trend over the period of
OISST data availability (1982-2019) is 0.069 ˚C year-1 (±0.02) over the 23 grid points in the Bay of Fundy.
Using these rates, the projected 2050 SSTa Mar-Jul mean in the region is 3.8˚C (ranges from 2.8˚C to
4.7˚C) above the 30-year climatology. Bloom phenology metrics can be projected out to 2050 by using
current SSTa Mar-Jul trends and the observed relationships between A. catenella blooms and SSTa MarJul (Figure 2.9B-E). The projected date of onset of EDTHab (Figure 2.9B) in the Bay of Fundy advances 31
days from its current average date of day 146 (late May) to day 115 (late April). BITHab (Figure 2.9C)
would be expected to occur on average at day 140 (mid-May), 32 days earlier than the current average
date of 172 (mid-June). By 2050, the early detection dates (Figure 2.9D) are expected to occur at day
112 (late April), 28 days earlier than the current average date of day 140 (mid-May). The bloom initiation
date (Figure 2.9E) is expected to occur 40 days earlier than the current average date (day 167, midJune), at day 127 (early May).
26

Figure 2.8: Relationships between mean SSTa Mar-Jul and: A) EDTHab mean occurrence date, B) BITHab
mean occurrence date, C) early detection date and D) bloom initiation date. Vertical and horizontal lines
represent the standard deviation.
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Figure 2.9: Observed and projected SSTa Mar-Jul for the Bay of Fundy (A), dates of EDTHab (B) and
BITHab (C), early detection (D) and bloom initiation (E) of A. catenella in the Bay of Fundy. The black
solid line in each plot corresponds to the observed data. The blue line represents the projected data
using the full extent of available SSTa (1982-2019) ± 1 standard deviation (shaded blue area).
2.5. Discussion
The strong interannual variability in HAB intensity, frequency and distribution in the study region
(e.g. Anderson et al., 2014b; Martin et al., 2014a) makes understanding the dominant driving
mechanisms and any potential prediction of such events very challenging. Linking bloom metrics to

28

interannual variability in thermal habitat of A. catenella and other environmental parameters
contributes to an integrated perspective on the mechanisms coupling bloom initiation and development
and environmental drivers. Isolating consistent patterns of bloom development of A. catenella is still
elusive. However, our findings show that sea surface temperature and freshwater discharge, likely due
to their impacts on water column stability, are contributing to the variability in the seasonal timing of A.
catenella blooms.
Most of the descriptive metrics for A. catenella blooms presented here show strong interannual
variability, with distinct patterns between metrics at a given year. The relatively constant early detection
dates over the studied period are likely explained by a tighter connection between this metric, winter
deeper water mixing and cyst germination and inoculation of the surface layers. Matrai et al. (2005)
identified a circannual endogenous cycle of cysts germination in the Bay of Fundy with a constant phase
regardless of changes in environmental conditions. Our data shows that the time interval from early
detection, to bloom initiation and finally, bloom peak varies among years. This probably reflects the
combined effects of distinct growth and physical accumulation rates, and their responses to changes in
the environmental conditions, cysts inoculation rates and biological interactions. However, there is a
trend, although not statistically significant, for early detection, bloom initiation and maximum
concentration dates to occur earlier over the study period. This shift to earlier occurrence of A. catenella
blooms in the season warrants further exploration of the thermal habitat and long-term trends in sea
surface temperature anomalies. Previous studies used a more limited time series to examine aspects of
phenology (e.g. 1988-2004, Page et al., 2006) or its relationship to cyst abundance in local seed beds and
trends in shellfish toxicity (White, 1987; Martin et al., 2014a). The average early observation date over
our 27-year study period was consistent with those observations, but the average bloom duration is
within the lower limits observed by Page et al. (2006). However, these earlier studies used a different
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definition for duration, such as the total number of days in a year with presence of A. catenella or an
unbroken sequence of days with presence of the organism, therefore differences are not unexpected.
Early detection of A. catenella is associated with the 6.5˚C (±1.6˚C) temperature envelope, while the
bloom initiates in the temperature envelope of 9.2˚C (±1.7˚C). Although we opted for a single
temperature interval for BITHab, we note two features of the bimodal distribution of temperatures for
this habitat. First, most of the years that comprise the colder mode in BITHab, are characterized by La
Niña events, associated with relatively colder weather and higher winter precipitation rates over eastern
North America. Second, there is still considerable overlap in the temperature frequency distribution for
the two modes and the choice of temperature interval presented here is representative of both modes.
With increasing global and local warming of the surface oceans and more extreme climate fluctuations,
these two modes could potentially separate and this thermal habitat interval should be revisited in the
future. Both thermal habitats (EDTHab and BITHab) represent sub-optimal conditions for A. catenella
maximum growth. Experiments with A. catenella have shown that maximum growth rates are achieved
around 15˚C (Etheridge and Roesler, 2005). Anderson et al. (1983) pointed out that blooms of A.
catenella in the Gulf of Maine occur in sub-optimal temperature conditions. This was also observed with
Alexandrium tamarense, an ecophysiological similar species, in Chinhae Bay, Korea (Han et al., 1992).
Cysts from the Bay of Fundy and eastern Gulf of Maine show an endogenous circannual germination
cycle peaking between November and February and declining during spring (Matrai et al., 2005). This
timing is earlier than cysts from the western Gulf of Maine (Anderson and Keafer, 1987), and could
explain the frequent presence of A. catenella vegetative cells in waters with temperatures on the colder
side of the optimal growth curve. Optimal temperature conditions for A. catenella growth are, in fact,
observed later in the summer in the Bay of Fundy and the Gulf of Maine (Townsend et al., 2005a).
Several studies in the region discuss the temperature conditions in which A. catenella occur (Martin et
al., 2005; Townsend et al., 2005b), but not necessarily the temperature interval for bloom initiation.
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Water column stratification is a key component in the competitive success of dinoflagellates such as
A. catenella. Blooms with the highest concentrations of A. catenella in the Bay of Fundy are observed
after stratification and during extended periods of low winds (Martin et al., 2014a). Seasonal thermal
stratification and its associated impact on nutrient and light dynamics are recognized to provide a
competitive advantage for A. catenella (Blasco et al., 2003). Blooms occurring prior to the onset of the
mean BITHab shared two characteristics; first, they were weaker than those occurring later, and second,
they were associated with stronger St. John River spring runoff. This suggests that for blooms occurring
later, temperature might be a more important driver of stratification leading to enhancement of bloom
conditions. After winter water column inoculation (Matrai et al., 2005), the vegetative populations are
subjected to local water column dynamics and ecological competition. In years when blooms occur prior
to the mean thermal habitat, other environmental factors might impact the stabilization of the water
column, such as stronger freshwater discharge. Although direct metrics of water column stratification
are not available, we suggest that stability of the water column in the region, either achieved by the
warming of the surface layer or increase in buoyancy due to freshwater discharge, is creating suitable
conditions for A. catenella growth.
There is a link, although weak, between spring integrated freshwater discharge and both the bloom
initiation date and the date of maximum concentration. These results are consistent with other regions
(Moore et al., 2009) and other dinoflagellate species (Klais et al., 2011). The observed link between
freshwater discharge and some of the bloom timing metrics suggests that this river plume is creating
stratified conditions earlier in the year, prior to the normal seasonal thermal stratification. In Alaskan
coastal waters, the level of stratification is associated with the time of onset of A. catenella blooms
(Tobin et al., 2019). For A. tamarense, blooms develop when water column stability is maximum,
associated with high surface water temperatures and low wind conditions (Therriault et al., 1985;
Fauchot et al., 2008).
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Previous work has shown that long periods of low wind speed are associated with stronger A.
catenella summer blooms (Martin et al., 2014a) and high shellfish toxicity levels along the New
Brunswick coast (Martin and Richard, 1996). Over the Gulf of Maine, linkages of wind metrics (speed,
direction and turbulence) and A. catenella abundance (McGillicuddy et al., 2014) and coastal shellfish
toxicity (Thomas et al., 2010; Nair et al., 2013) have been made. In our study, neither shellfish toxicity
data nor mid-summer wind conditions were examined. Our results, however, did not show a systematic
link between interannual variability in spring wind mixing and the bloom metrics and thermal habitat
occurrence. In the Gulf of Maine, where such linkages are observed, the transport and accumulation of
A. catenella in the strongly wind driven coastal boundary layer are important for bloom development
(Townsend et al., 2001). In the Bay of Fundy, circulation is more tightly connected to tides and
freshwater discharge (Aretxabaleta et al., 2008) and to a lesser extent to any wind component
(Aretxabaleta et al., 2009).
Removal of the seasonal cycle by examining SST anomalies eliminates the obvious strong seasonal
dependence on thermal timing. The timing of onset of both thermal habitats of A. catenella in the Bay of
Fundy as well as the early detection and bloom initiation dates are connected to interannual
fluctuations in SSTa. The systematic reduction in the timing of both thermal habitats (EDTHab and
BITHab) over the study period is consistent with climate-linked warming trends for the Gulf of Maine
(e.g. Pershing et al., 2015; Thomas et al., 2017; Alexander et al., 2018; Balch et al., 2022). Increased
temperatures, especially during summer, drive thermal phenological shifts, including earlier arrival dates
of specific temperature thresholds and an average reduction in summer start date by approximately 1
day year-1 (Thomas et al., 2017). Comparing historical and future thermal habitat distributions of A.
catenella from Puget Sound (U.S.A.) Moore et al. (2008) identified an increase in the seasonal window of
opportunity for bloom development, from a historical average of 68 days up to 259 days in the future.
Overlaying the long-term trends in SSTa are the episodic effects of local heat waves. Heat waves have
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become more frequent and their effect in Gulf of Maine fisheries and ecosystem functionality are severe
(Mills et al., 2013). Both EDTHab and BITHab, as well as the bloom initiation have an episodic decrease in
date of occurrence in 2006 and 2012, both years recognized heat wave events (Scannell et al., 2016;
Hobday et al., 2018).
The interactions between A. catenella and grazers, and consequently the grazing pressure on the
coastal populations of A. catenella are also expected to respond to phenological shifts in temperature.
Zooplankton grazing on A. catenella is considered non-selective and contributes to the regulation of the
initiation and termination of the bloom (Irigoien et al., 2005; Turner 2010). Grazing at early stages can
retard the initiation of the bloom, however these effects are rapidly overcompensated by bottom-up
processes such as temperature and nutrient availability to A. catenella growth (Lewandowska et al.,
2014). The observed earlier shifts in the bloom initiation dates could result in A. catenella blooms
avoiding part of this initial effect of grazing on bloom development. The proper assessment of the
phenology of zooplankton abundance in the region is highly desirable to identify whether similar shifts
are occurring in the zooplankton population. With increasing temperatures, zooplankton grazing at the
end phase of the bloom becomes more apparent by changing zooplankton composition and modulating
grazing activities (Thackeray et al., 2008, Lewandowska et al., 2014).
2.5.1. Implications for Future Climate Scenarios
Simple extrapolation of present relationships to the middle of this century shows the EDTHab of A.
catenella occurring in late April, one month earlier than the present climatology. Similarly, changes in
the onset of BITHab result in a 32 days shift from mid-June (current) to mid-May. This difference is
consistent with previous work showing seasonal differences in the strength of warming (Thomas et al.,
2017; Alexander et al., 2018). Similarly, by 2050, the early detection and bloom initiation dates are
expected to occur earlier than presently observed. Although based on simple extrapolation, the SST
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projections are consistent with global climate model projections for ocean surface temperature in the
region. All 26 models in the Coupled Model Intercomparison Project (CMIP5) estimate warming in every
month for the 1976-2099 period over both Large Marine Ecosystem (LME) 7 (Mid Atlantic Bight - Gulf of
Maine) and 8 (Scotian Shelf - southern Gulf of St. Lawrence) (Alexander et al., 2018). We isolated these
same model data for the period 1976-2050 and note that the ensemble mean trend for LME 7 is 0.29 oC
decade-1 (standard deviation across 26 models is 0.08) and for LME 8 is 0.33 (0.10) oC decade-1. The SSTa
trend in the Bay of Fundy (Figure 9A, 0.69˚C decade-1) is higher than these, but it is of note that 1) values
for these LME regions average over much larger regions than the Bay of Fundy, none of which are
warming as fast (Thomas et al., 2017; Alexander et al., 2018) and 2) a comparison of OISST SSTa trends
spatially averaged over the same LME regions in the period of overlap (1982-2019) showed that
although the overall CMIP5 model family encompassed the observed trends, the CMIP5 ensemble mean
underestimates the observed OISST trends in both LME regions. These suggest that although the
projections carried out here are simple extrapolations, they represent plausible future scenarios for Bay
of Fundy HABs events and are of potential concern and high importance for policy makers.
The data provide evidence of links between freshwater discharge and bloom timing, likely through its
influence on local stratification. In addition to warming, changing climate in the region is also projected
to bring an increase in precipitation and freshwater discharge to the watersheds in the Gulf of Maine,
including the St. John River (20% increase in discharge, Huntington and Billmire, 2014). Global climate
models predict an overall increase (10-20%) in precipitation along the northeastern United States (Ning
et al., 2015). The further stabilization of the water column in a future scenario is enhanced by an
increase in fresher Scotian Shelf Water entering the Gulf of Maine and Bay of Fundy (Smith et al., 2012),
therefore decreasing the surface salinity in the region. Freshening of the North Atlantic has been
reported (Capotondi et al., 2012; Cheng et al., 2013; Bingham et al., 2014) and is expected to increase
along the northeastern North America coast and Scotian Shelf (Alexander et al., 2020) due to advection
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of Labrador and Greenland freshwater. Both these salinity-driven impacts on stratification, as well as the
interaction of increased stratification on enhanced surface warming have implications for the phenology
of A. catenella blooms in the Bay of Fundy, driving earlier seasonal metrics. As regional surface salinity is
expected to decrease, the contrast between the St. John River plume and local ocean surface layers
might decrease. This could also have an impact on bloom phenology, especially in the period when
blooms occur earlier in the year and are likely assisted by the stratification promoted by the river plume.
Such interactions are likely best studied in a modeling environment.
The phenological responses of A. catenella blooms to increases in temperature and freshwater
discharge need to be taken into account in monitoring studies and modeling of A. catenella in the
region. The current forecast model for A. catenella distribution in the Gulf of Maine (Stock et al., 2005;
Anderson et al., 2014a) includes temperature in both physical and biological components (e.g. growth
rates, He et al., 2008) as well as freshwater discharge in the physical component. Moreover, any
responses of cysts germination to changes in temperature and its seasonality also play a role in the
dynamics of A. catenella blooms in a warming climate (Brosnahan et al., 2020). Recently, Devred et al.
(2018) developed a remote sensing approach to early detection of A. catenella in the Bay of Fundy using
climatological surface temperature values to determine detection thresholds for their model. These
temperature thresholds are likely to change in the future. Hence, shifts in the timing of occurrence of A.
catenella blooms suggest that biophysical models that initiate their variables at a given month (e.g.
Stock et al., 2005) or that rely on previous mean occurrence dates of A. catenella to determine
thresholds (e.g. Devred et al., 2018) will need to adapt their parameters for future conditions.
Future scenarios where blooms of A. catenella start earlier and last longer are likely to cause
associated shifts in shellfish harvesting closures to prevent Paralytic Shellfish Poisoning. The effects of
toxins on shellfish are species-dependent (Hégaret et al., 2007), and some of the commercial shellfish
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species are able to rapidly depurate toxins (e.g. blue mussels and soft shell clams) (Bricelj and Shumway,
1998), making them safe to consume shortly after the end of a PSP event. Most of the economic losses
associated with PSP outbreaks are usually related to delays in harvests rather than loss of production
(Landsberg, 2002). The rates of recovery and detoxification of shellfish depend on the timing of the
HABs and are negatively affected if it occurs close to, or during, spawning season (Galimany et al., 2008).
As the thermal habitat occupied by A. catenella and the timing of the bloom shift earlier in the year, the
likelihood of PSP outbreaks overlapping with commercial shellfish spawning seasons becomes higher.
Most of the spawning season for blue mussels and soft-shell clams occurs between May and July,
depending on the temperature of the water (Brousseau, 1978; Maloy et al., 2003). This spawning season
is within the projected bloom initiation date for A. catenella by 2050, resulting in potential PSP events
through most of the shellfish spawning season. Of course, the spawning season for such species might
also shift, as the trigger mechanism for spawning relies on temperature thresholds (Brousseau, 1978).
2.6. Conclusion
Our findings add to the growing body of information on A. catenella blooms in the Bay of Fundy.
There are links between metrics of bloom phenology and surface temperature anomalies such that
climate-driven regional warming is driving the date of occurrence of thermal habitats earlier. Moreover,
freshwater discharge also impacts the temporal occurrence of the thermal habitats and bloom
phenology, and regional precipitation is projected to increase in a warming climate. Based on current
rates of SST change, bloom phenology metrics can be expected to shift 1-2 months earlier in the season
by mid-century. Such changes in the phenology of A. catenella blooms will need to be incorporated into
both monitoring strategies and forecasting models for the region.
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3. SEGREGATION IN THE THERMAL AND OPTICAL HABITATS OF ALEXANDRIUM
CATENELLA IN THE GULF OF MAINE.
3.1. Chapter Abstract
Blooms of the toxic dinoflagellate Alexandrium catenella are an annual recurrent problem in the Gulf
of Maine. Understanding the preferred habitat for this species is necessary for proper monitoring
strategies, however the isolation of these environmental conditions is still elusive and at its early stages.
Here, we used remote sensing reflectance (𝑅𝑟𝑠(𝜆)), chlorophyll-a (Chl-a) and sea surface temperature
(SST) to characterize the preferred optical and thermal habitats of A. catenella during the bloom season
(May – August) for two extremes in cell concentration from 2003 to 2019 in the Gulf of Maine. Surface
samples from 38 cruises within this period were divided in absence (0 cells L-1) or high concentration
(concentrations higher than the cruise’s 85th percentile) within each cruise. The environmental
conditions associated with each of these categories were compared and a set of water types sharing
these environmental conditions were derived using Self-Organizing Maps. We identified that absence
and high concentrations of A. catenella developed in distinct environmental and optical conditions.
Higher concentrations are associated with lower SST, high Chl-a and lower (higher) 𝑅𝑟𝑠(𝜆) at shorter
(longer) wavelengths. The water types associated with each cell concentration category occupied
different regions within the area of study. Water types associated with high concentration are typically
coastal, associated with the Maine Coastal Current, while those associated with absence are found
offshore. These findings are an important addition to monitoring efforts of A. catenella in the region,
providing evidence of habitat segregation using remote sensing data that cover the entire region and
are readily and freely available.
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3.2. Introduction
Annually recurrent Harmful Algal Bloom (HAB) events of the toxic dinoflagellate Alexandrium
catenella are a health hazard and a financial burden to fishery activities in the Gulf of Maine (GoM),
northeast USA. This organism produces a paralytic shellfish toxin (PST), saxitoxin, that bioaccumulates in
shellfish. Consumption of contaminated shellfish results in paralysis of muscular functions and can lead
to severe illness, including death by breathing paralysis, depending on the amount of toxin ingested. As
a preventive policy, shellfish harvesting closures are set in place when PST levels reach unsafe regulatory
levels. HABs of A. catenella cause shellfish harvesting closures along the coast from New Brunswick
(Canada) to Massachusetts (USA), varying in temporal and spatial extent annually (Kleindinst et al.,
2014). Deleterious effects on local marine wildlife are experienced during A. catenella blooms, including
stranding and mortality of marine mammals and mortality of larval and juvenile fish (e.g., salmon)
(White et al., 1989; Martin et al., 2006a; Doucette et al., 2006).
Although this problem has occurred for decades and monitoring strategies for coastal toxicity have
been in place since 1977 (Shumway et al., 1988), the development of a forecasting system is relatively
recent. Grasso et al. (2019) created a one week forecasting system for coastal toxicity based on the
composition and concentration of types of saxitoxin from the previous five weeks on each monitoring
site in Maine. For vegetative cells of A. catenella, a predictive bio-physical model was created to
simulate blooms in the GoM (McGillicuddy et al., 2005b; Stock et al., 2005; He et al., 2008). Daily
products and forecast simulations of this model are available from NOAA National Centers for Coastal
Ocean Science4 and weekly reports are sent to the community as a warning system. Validation of this
model and hindcast performance have been sporadic. In some cases, these have shown that the model
is able to capture general timing and magnitude of the blooms, although misfits increase in the later

4

https://coastalscience.noaa.gov/research/stressor-impacts-mitigation/hab-forecasts/gulf-of-maine-alexandriumcatenella-predictive-models/

38

bloom season (McGillicuddy et al., 2011; He et al., 2008). More importantly, these findings underscore
the need for a sustained monitoring network to support further development of these models rather
than relying on data from opportunistic surveys.
The strong interannual variability in A. catenella blooms, both in magnitude and spatial pattern, and
weak associations to easily measured environmental parameters reduce the predictive power of HAB
forecasting models in the GoM (Bean et al., 2005; McGillicuddy et al., 2005b). Several aspects of A.
catenella life cycle contribute to this variability. Conceptual models for local bloom dynamics emphasize
the role of cyst formation and seedbeds that affect the following year’s outbreaks (Anderson et al.,
2005b; McGillicuddy et al., 2005a). Often, the levels of toxicity in the near shore do not correspond to
the extension of the cell bloom offshore (Anderson 1997; Townsend et al., 2001) and are highly variable
between nearby stations (Thomas et al., 2010). This is a result of varying coastal connectivity and
particle transport (Conlon et al., 2018; Li et al., 2021) and intracellular toxin concentration in natural
populations (Poulton et al., 2005). In fact, A. catenella can be toxic at concentrations as low as 200 cell L1

(Martin et al., 2010), resulting in deleterious effects to the environment at early stages of the bloom,

possibly even before alerts are in place. The complex oceanography, strong seasonal cycle and wide
range of environmental conditions in the Gulf of Maine exacerbates the spatial and temporal variability
of A.catenella, with a local circulation that changes seasonally and under strong influence of heat flux,
tides, density structure, winds and coastal freshwater discharge (Lynch et al., 1997; Xue et al., 2000).
A systematic and reliable method that allows A. catenella to be predicted or measured in near realtime is critical for effective marine resources management in the GoM. Since 1993, numerous in situ
surveys have been conducted in the Gulf of Maine to assess the distribution and magnitude of A.
catenella cells and cysts (e.g., McGillicuddy et al., 2005a; Townsend et al., 2005a). These surveys
connect A. catenella to the physical environment and highlight important regions and oceanographic
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conditions that are favorable for the development and accumulation of this organism. Anderson et al.
(2005a) highlighted the importance of freshwater flux and the associated coastal boundary layer in the
inoculation and dispersion of A. catenella. Townsend et al. (2001) showed the accumulation of A.
catenella in regions with higher nitrate and nitrite surface concentrations, such as the Eastern Maine
Coastal Current (EMCC). These surveys also revealed the central Bay of Fundy and offshores areas near
Casco and Penobscot Bay as important seed beds for A. catenella (Anderson et al., 2014a). However, in
situ surveys are limited in space and time, costly and often do not capture the full evolution of the
bloom. Recently, a warning system for A. catenella in the Bay of Fundy using satellite ocean color and
sea surface temperature data was published as an alternative for continuous sampling outside the
bloom season (Devred et al., 2018). This warning system combines information on diatom phenology
and variations in sea surface temperature to determine the likelihood of A. catenella blooms. However,
this approach was not tested for the Gulf of Maine where the population of A. catenella develops under
a different temperature, circulation and ocean color regime than the population of the Bay of Fundy.
Superimposed on the problematic occurrence of A. catenella HABs in the GoM and their strong
spatial and temporal variability, are changes in environmental conditions with climate change. Rapid
increase in ocean temperature, acidification and frequency of extreme events have been recorded in the
last decade in the North Atlantic and the GoM (Balch et al., 2012; Pershing et al., 2015; Salisbury and
Jönsson, 2018; Scannell et al., 2016; Thomas et al., 2017) and these trends are expected to continue in
the near future (Brickman et al., 2021; Siedlecki et al., 2021). Ecological responses to these
environmental shifts are occurring, including decline in subarctic zooplankton species and changes in the
stocks of commercial species (e.g., Atlantic cod and American lobster) in the GoM (Pershing et al., 2021
and references therein). The timing of the canonical spring and fall chlorophyll bloom that occur in the
GoM are shifting later at a rate of 1-9 days decade-1 since 1960, connected to shifts in the temperature,
salinity and nutrient regimes (Record et al., 2019). Recently, novel harmful algal species (Pseudo-
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nitzschia australis and Karenia mikimotoi) have been reported in the region forming high
concentrations, possibly related to changes in the biosphere and niche vacancy due to extreme climate
events (Record et al., 2021). Assessment of the environmental conditions associated with A. catenella
occurrence throughout the entire bloom evolution is a prerequisite to effectively quantifying and
predicting its responses to climate change. Bucci et al. (2020) showed earlier annual occurrence of the
preferred thermal habitat for A. catenella in the Bay of Fundy associated with local warming. With such
shifts in the phenology of A. catenella, current models that rely on temperature thresholds (Devred et
al., 2018), or that include likely nonlinear biological responses to environmental forcing (e.g., growth
rates, cyst germination) (McGillicuddy et al., 2005b; He et al., 2008; Brosnahan et al., 2020) will need to
adapt to future conditions.
Remote sensed products (e.g. ocean color, temperature, wind speed) provide reliable tools to assess
the environment systematically at high temporal and spatial resolutions. Numerous remote sensing
technologies and approaches have been utilized to provide a synoptic assessment of HABs distribution
and evolution over time (Kirkpatrick et al., 2000). For example, a combination of ocean color imagery
and circulation models are used to predict the occurrence and distribution of Karenia brevis HABs in
Florida (Stumpf et al., 2009; Carvalho et al., 2010) and of Pseudo-nitzschia spp. in California (Anderson et
al., 2016). Several other examples of successful methods integrating remote and autonomous
monitoring of HABs exist (Carvalho et al., 2011; Kudela et al., 2015; Schaeffer et al., 2018; Wolny et al.,
2020). In situ optical surveys in the GoM, although limited, explored changes in optical properties of
multiple water constituents in addition to just phytoplankton (Balch et al., 2004, 2008, 2016; Sauer and
Roesler, 2013). Other than the warning system developed in the Bay of Fundy by Devred et al. (2018),
the Gulf of Maine lacks a reliable ocean color remote sensing-based surveillance system or even a
proper characterization of the optical environment of A. catenella. Previous ocean color assessments in
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the region were focused on quantifying chlorophyll-a and its variability (e.g., Yoder et al., 2002; Thomas
et al., 2003; Ji et al., 2007; Song et al., 2010).
In coastal oceans and marginal seas such as the GoM, water optical properties vary over multiple
time and spatial scales and result from color constituents beyond just phytoplankton, benefiting from
locally tuned algorithms. One option to address this issue is by classification and segregation of optical
signatures using multiple bands of remote sensing reflectance (Moore et al., 2001). Such an approach
permits the differentiation of optical water types and it has been successfully applied globally (Moore et
al., 2009; Moore et al., 2014; Vantrepotte et al., 2012). Wei et al. (2016) created a global-scale
classification system of remote sensing reflectance, ranging from deep blue oceanic to coastal yellow
waters. Mélin and Vantrepotte (2015), with an emphasis on coastal regions, provided classification of
optical water signatures. King et al. (submitted) use a similar classification in the GoM based on a
multivariate clustering technique to identify seasonal and spatial patterns in major optical water groups.
The objectives of this study are to use satellite remote sensing reflectance data in conjunction with
other optical products and environmental parameters available for the Gulf of Maine to (1) characterize
and derive a set of water types with defined optical and biogeochemical conditions during the A.
catenella growing season; (2) quantify the temporal and spatial variability in these water types and the
environmental conditions associated with these changes and (3) examine the connection between these
water types and the occurrence and magnitude of A. catenella blooms.
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3.3. Materials and Methods
3.3.1. In situ A. catenella surveys and cell concentration
Data from 43 oceanographic surveys from 1998 to 2019 that assessed the distribution and
concentration of A. cantenella cells in the Gulf of Maine were assembled (APPENDIX B). These data are
divided in two periods, from 1998 to 2019 to create A. catenella time series, and from 2003 to 2019 for
water type classification matching MODIS-A available remote sensing products. These datasets are
publicly available at Dr. David Townsend data repository5 (1998-2002), at the Biological and Chemical
Oceanography Data Management Office (BCO-DMO)6 (2003-2014), and at Dr. Dennis McGillicuddy data
repository7 (2015-2019). Sampled area and number of stations for each cruise varies considerably. The
most commonly revisited region (Figure 3.1A) is hereafter denoted cruise domain. Only stations within
this domain were considered in this study. Surveys occurred from May to August, corresponding to the
usual bloom season (Figure 3.1B).

5

http://grampus.umeoce.maine.edu/ECOHAB/ecohab.htm
http://mapservice.bco-dmo.org/mapserver/maps-ol/index.php
7
http://science.whoi.edu/users/olga/alex_surveys/Alexandrium_Surveys.html
6
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Figure 3.1: Study area and sampling period during A. catenella bloom season in the Gulf of Maine: A) The
study area (cruise domain) assembled from 43 cruises from 1998 to 2019, highlighted by the colored
area. B) Temporal coverage and duration of these cruises during the bloom season. Numbers 1 to 5 in
panel (A) show the approximate location of the major estuaries in the region: 1) Saint John; 2) Saint
Croix; 3) Penobscot; 4) Kennebec and 5) Saco. Arrows and letters (A-C) along the coastline in panel (A)
correspond to the Eastern Maine Coastal Current (EMCC, A), Extention of the EMCC (ExtEMCC, B) and
the Western Maine Coastal Current (WMCC, C). Blue filled areas in panel (B) correspond to the period
sampled in each survey (start to end date). Vertical red dashed line in (B) represents the separation in
the time periods used in different stages of the analysis.
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A. catenella vegetative cell concentrations (cells L-1) from surface samples (0-5m) at each of the
stations were used. Multiple surface samples within the same station were averaged together. Cell
concentration from stations revisited within the same cruise period were also averaged and assigned to
the earliest timepoint. Cell concentration was analyzed as categorical absence (no cells present) and
high concentrations (85th percentile, calculated individually for each cruise) to facilitate comparisons
with environmental data and to integrate the analysis over cruises in different periods in the seasonal
cycle, different years and diverse geographic ranges. This approach was used because historically, A.
catenella displays strong interannual and seasonal variability in cell concentration, therefore cell
concentration thresholds are hardly shared among cruises.
3.3.2. Remote Sensing Products
3.3.2.1. Ocean Color
Daily 1 km resolution MODIS-Aqua remote sensing reflectance (𝑅𝑟𝑠(𝜆), sr-1) and chlorophyll-a
concentration (Chl-a, mg m-3) data were downloaded from the NASA Ocean Color8 archive at level 2
(reprocessing R2018.1) from the period May to August, 2003 to 2019. Images were remapped to our
area of study using a Mercator projection. Monthly composites were created for Chl-a and the
𝑅𝑟𝑠(𝜆) bands 412nm, 443nm, 488nm, 531nm, 547nm, 667nm and 678nm, resulting in a time series of
68 images for each variable (4 months, 17 years). Compositing used a combination of spatial and
temporal median filters. Initially, a 5x5 pixels median spatial filter was applied to every image to be
composited. Then, at each pixel location, a data cube was defined as a 5x5 pixels spatial box centered at
the pixel and over all valid scenes in the composite period. The resulting pixel value in the final image
composite was obtained by averaging the 50% of the data centered on the median of all the pixels in the
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https://oceancolor.gsfc.nasa.gov
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data cube (5x5 area and number of valid scenes). This procedure was an effective method to form
relatively smooth monthly composites, reducing the impact of relatively noisy data.
3.3.2.2. Sea Surface Temperature
Sea Surface Temperature (SST) was obtained from cloud-masked 1 km resolution Advanced Very
High-Resolution Radiometer multiple daily passes over the Gulf of Maine from May to August between
2003 and 2019. Similar to the ocean color products processing, monthly composites were created by
using a spatial and temporal median filter over a 5x5 grid window, resulting in a total of 68 images (4
months, 17 years). However, final SST were averaged over the 75% warmest values of the distribution.
This reduced potential cloud contaminated data and cloud shadows as they are present as colder pixels,
at the expense of potential slight bias towards warmer values.
3.3.3. Water Type Classification and Statistical Analysis
The classification of water types during the A. catenella bloom season was created using SelfOrganizing Maps (SOM) (Kohonen 1982; Kohonen 2001), an artificial multivariate neural network
approach, with 𝑅𝑟𝑠(𝜆), Chl-a and SST images as input. Each pixel values in the cruise domain, from May
to August, over the 2003-2019 period, were fed to the SOM. The SOM uses unsupervised competitive
learning to dimensionally reduce the millions of observations from each variable into a grid of nodes
that contain a representative signature of all pixels sharing that specific best matching node. The use of
SOM for data volume reduction and pattern identification has been previously used in marine sciences
(e.g., Lobo, 2009) and it is a promising tool in remote sensing research (Richardson and Shillington 2003;
Hourany et al., 2019). To select an optimal SOM grid size, we initialized the SOM with all variables
(𝑅𝑟𝑠(𝜆), Chl-a and SST) normalized by subtracting the mean and dividing by the standard deviation of
each variable over their 68 composites (4 months x 17 years). A series of SOM runs were conducted on
the same dataset, varying the grid size and dimensions each time, up to a maximum of 10 nodes on each
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dimension (a 100 node grid). The final grid arrangement was selected by analyzing the reduction in the
quantization error of each SOM run with increasing in grid size. This resulted in the selection of a 20
node grid size (4 rows and 5 columns) with each input pixel assigned onto a node. The 20 nodes are an
effective compromise between reducing the variability within nodes, while properly separating them
altogether. Hereafter, we refer to the SOM nodes and their respective characteristics of 𝑅𝑟𝑠(𝜆), Chl-a
and SST as “Water Types (WT)” with their respective numbers (e.g., WT 1, WT 2, ...WT 20). Each pixel
and their associated group were remapped back into monthly images, resulting in a time series of 68
images, each with the spatial distribution of the 20 WT.
For each month in the bloom season, a climatological composite was created by retrieving the most
frequently occurring WT at each pixel over the 17 years. The resulting composite is, therefore, an image
with the most frequent (mode) water type in each pixel, each month and their respective frequency of
occurrence (%). Pixels with more than one mode were excluded from the climatological composite. On
average, the excluded pixels accounted for 13.5% of the total number of valid pixels, with higher values
in June (16.5%). To determine changes in the WT predominance and estimate seasonal and interannual
variability, the monthly area coverage (AC, in %) of each WT was calculated as the ratio of the number of
pixels occupied by each WT to the total number of valid pixels in the image. To compare A. catenella
metrics and WT, each station must be assigned the WT from its surroundings. This was determined by
calculating the most frequent WT in a 5x5 pixel area centered at the station.
3.4. Results
3.4.1. Alexandrium catenella abundance metrics
A. catenella concentrations varied strongly over the years. Table 3.1 summarizes the range in cell
concentration each year and the sampling effort. Years with higher average concentrations of A.
catenella occurred in 2005 (1.2x103 cells L-1) and 2013 (1.9x103 cells L-1), while low average
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concentrations (<100 cells L-1) occurred in multiple years (2003, 2004, 2007, 2012, 2016, and 2018).
These low concentrations are independent of sampling effort and footprint, as they occur in years with
both a large and small number of stations sampled. Sampling efforts decreased over time, with more
intensive sampling occurring prior to 2010, as represented by the number of stations each year (Table
3.1).
Table 3.1: Summary of A. catenella concentrations from the surveys over the bloom season (May to
August) from 1998 to 2019 in the study area. Years with no surveys containing viable A. catenella data
were left in blank. Years without corresponding remote sensing products and not incorporated in the
SOM analysis are marked (†).
Year
1998†
1999†
2000†
2001†
2002†
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

Month
Jun.
Jul.
Aug.
Jun.
Jul.
Jun.
May
May
May
Jun.
Jun.
Jun.
Jun.
May
Jun.
May
May
May
Jun.
May
Jun.
Jul.
May
Jun.
Aug.

Min.
0
0
0
0
0
0
0
0
18
23
0
0
0
0
0
1
13
1
0
0
0
0
0
4
0

Median
27
6
5
194
76
13
34
29
1.5x103
2.7x103
1.3x103
8
13
1
8
17
263
310
114
4
1
23
2
4
1.7x104

A. catenella (cells L-1)
Mean
85th Perc.
194
314
184
190
181
197
398
809
653
1.2x103
34
53
73
160
131
134
5.9x103
1.4x104
2.3x103
3.7x103
3
1.8x10
4.2x103
174
178
207
263
3
5
156
205
32
63
1x103
2.3x103
964
2.4x103
862
735
42
84
93
105
512
932
43
43
4
4
1.9x105
5.6x105
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Max.
4.1x103
5.3x103
5.2x103
2.9x103
1.7x104
339
634
1.6x103
3.9x104
3.8x103
5.8x103
2.1x103
5.3x103
48
5.8x103
182
7.5x103
4.7x103
1.6x104
457
1.4x103
5.4x103
547
4
1x106

Num.
Stations
207
208
211
118
141
89
90
126
30
6
18
18
150
124
116
28
34
27
27
73
57
48
19
1
20

Cruise Names in
Database
ECOHAB-June
ECOHAB-July
ECOHAB-Aug
ECOHAB
ECOHAB
OC391
OC402
OC412
TI096
TI098
TI100
TI109
OC425
EN435
EN437
OC445
OC447
TI303
TI313
OC460
EN476
OC465
TI603
TI606
TI691

Table 3.1: Continued.
Year
2014

2015
2016
2017
2018
2019

Month
May
May
Jun.
May
Jun.
Jul.
Aug.
May
Jul.
Jun.
Jul.
Aug.
Aug.
May
Jul.
Jun.
Jul.
Aug.

Min.
0
0
0
62
85
170
38
0
0
142
0
0
2
0
0
15
0
0

A. catenella (cells L-1)
Median
Mean
85th Perc.
16
16
31
54
235
459
15
196
214
62
62
62
116
181
382
566
797
1.7x103
38
38
38
29
75
217
0
0
0
241
4.2x103
1.2x104
6
30
53
5
7
14
3
3
3
8
10
22
0
0
0
408
1.2x103
2.9x103
65
460
956
67
168
461

Max.
31
1.9x103
1.9x103
62
409
2.4x103
38
293
0
1.2x104
286
27
3
31
0
6.2x103
3.4x103
804

Num.
Stations
2
17
24
1
4
8
1
8
8
3
38
40
3
7
7
42
42
18

Cruise Names in
Database
TI747
TI751
TI758
CT ESP1
TI813
TI817
CT ESP2
CT ESP1
CT ESP2
W ESP
TI972
TI978
SI ESP
CT ESP1
CT ESP2
ECOHAB ESP1
ECOHAB ESP2
ECOHAB ESP3

Interannual variability in A. catenella concentrations during bloom season is shown in Figure 3.2.
Variability in both the mean and maximum concentration of A. catenella is strong, exemplifying the
highly dynamic nature of HABs in the region. Periods of lower mean and maximum concentrations occur
from 2003-2004 and 2014-2017 (Figure 3.2). Higher concentrations occur in 2005 and 2013, maximum
2013. Most monthly mean concentrations of A. catenella are in the range 101 to 103 cells L-1. Maximum
concentrations are more variable and overall higher in 2001 and from 2005-2010 (103 to 105 cells L-1).
Where evident, in most years A. catenella concentrations increase with seasonal progression (e.g., 2007
and 2010), however, both relatively constant (e.g., 1998) and decreasing trends also occur (e.g., 2012
and 2019). Climatologically, there is no statistically significant difference in A. catenella concentration
between months, as the interannual variability of A. catenella abundances encountered each month is
so strong (data not shown).
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Figure 3.2: Time series of monthly A. catenella mean (+) and maximum (!) concentrations. Vertical red
dashed line represents the separation in the time periods used in the SOM and WT classification (20032019).
3.4.2. Water Types Classification
The arrangement of the SOM grid, the number of pixels allocated to each node (WT), and the mean
distance (as a multidimensional euclidean distance) between each WT are shown in Figure 3.3. The
number of pixels allocated is lower (< 1x106 pixels) in WT located at the top left of the SOM grid (WT 15) and higher (> 1x106 pixels) over the remaining grid (Figure 3.3A). The distances show relatively
different WT are grouped at the top left of the SOM grid (WT 1, 2, and 5), whereas WT through the rest
of the grid are more similar (equally distant) (Figure 3.3B).
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Figure 3.3: SOM grid arrangement with (A) the number of pixels allocated to each WT and (B) the
average distance from surrounding WT referenced to the color scale shown on the right of the figure.
The number designation of each WT is shown in B within each hexagonal compartment.
Figure 3.3 shows the mean biogeochemical and ocean color characteristics defining the 20 WT
obtained from the SOM. These include 7 𝑅𝑟𝑠(𝜆) channels (Figure 3.4A) displayed as spectra for easier
visualization and ecological interpretation, Chl-a and SST (Figure 3.4B-C). The strongest differentiation in
𝑅𝑟𝑠(𝜆) signatures of the WT occurs diagonally from top left (WT 1) to bottom right (WT 20) over the
SOM grid. More reflective waters (higher average 𝑅𝑟𝑠(𝜆)) occur mostly at the top row (WT 1, 5, 9, 13
and 17), highest at WT 1, while less reflective waters occur towards the bottom of the grid (e.g., WT 4, 8
and 12) (Figure 3.4A). Spectrally, WT that peak at mid wavelengths (~555nm) occur at the top left of the
SOM grid and the spectral peak shifts to shorter wavelengths (~488nm) towards the left and bottom left
of the grid. Chl-a decreases over the SOM grid from top left (WT 1, 1.68 mg m-3) to bottom right (WT 20,
0.93 mg m-3). Mean SST is lowest in WT 1 (9.8˚C) and highest in WT 20 (17.6˚C).
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Figure 3.4: Multi-dimensional characterization of each SOM node. A) Mean spectral 𝑅𝑟𝑠(𝜆) signature of the 20 WT. Shaded area corresponds to
one standard deviation around the mean. Colors and orientations of the WT in the figure will be maintained throughout this work. B) Mean Chl-a
concentration; C) Mean SST. Vertical bars in panels B and C compare the relative standard deviation of targeted parameters in pixels within each
node.
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3.4.3. A. catenella Preferred Habitat
A consistent linear relationship between cell concentration and the characteristics of the 20 WT was
not evident. However, a clear segregation in the environmental and optical conditions of WT associated
with either absence of or higher concentrations of A. catenella exists for multiple variables analyzed
(Figure 3.5 and Figure 3.6). At shorter wavelengths (412nm, 443nm, and 488nm, Figure 3.5A-C), higher
concentrations of A. catenella tend to occur in waters with lower (negative differences) 𝑅𝑟𝑠(𝜆), with
exceptions only in 3-5 cruises depending on the variable. At mid-range wavelengths (531nm and 547nm,
Figure 3.5D and E), higher concentrations of A. catenella often occur in different conditions from those
associated with absence but no consistent pattern occurs. For longer wavelengths (667nm and 678nm,
Figure 3.6A and B), higher concentrations are often associated with higher 𝑅𝑟𝑠(𝜆). The strongest
difference occurred for cruise OC412. Exceptions occurred in 7 of the 38 cruises. Higher concentrations
of A. catenella preferentially occurred in waters with higher Chl-a (Figure 3.6C), with only a few
exceptions. Higher concentrations of A. catenella were most often associated with colder waters than
those where A. catenella was absent (Figure 3.6D). Exceptions to this pattern occurred in 6 of the 38
cruises.
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Figure 3.5: Difference between the environmental and optical conditions associated with absence and higher concentrations of A. catenella. A)
Rrs (412nm); B) Rrs (443nm); C) Rrs (488nm); D) Rrs (531nm); E) Rrs (547nm). Differences were calculated by subtracting environmental data
associated with the absence from those associated with higher concentrations. Cruises are aligned in chronological order from earliest (OC391)
to latest (ECOHAB ESP3). Error bars correspond to the error propagated from spatial average around each station and from the stations within
each cruise. Horizontal dashed lines separate the years.
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Figure 3.6: Same as Figure 3.5, but for A) Rrs (667nm); B) Rrs (678nm); C) Chl-a; D) SST.
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The number of stations associated with each WT in each cell concentration category (absence or
higher concentrations) was determined for each cruise (Figure 3.7). Over the 38 cruises, all the 20 WT
were sampled at least once in each cell concentration category. The absence of A. catenella occurred
over many different WT (Figure 3.7A), while higher concentrations are preferentially found in WT 4 and
WT 3 (most frequent in 13 and 7 of the cruises, respectively) (Figure 3.7B). A set of the two WT most
frequently associated to each cell concentration category was marked in each cruise Figure 3.7. The
spatial distribution of these sets of WT are displayed in Figure 3.9.
Figure 3.8 provides an example of mapped absence and higher concentrations of A. catenella and
associated environmental conditions for cruise OC402 from 2004. Stations where A. catenella was
absent often occurred in WT 11, in the offshore GoM, in areas of lower Chl-a compared to stations
containing higher concentrations of A. catenella (Figure 3.8A and B) (one exception offshore of
Penobscot Bay). Higher concentrations occurred in stations associated with WT 4 in the coastal Western
Gulf of Maine (WGoM). Stations with A. catenella absent occurred in a wide range of SST values (Figure
3.8C), most of them in warmer waters than stations with higher concentrations.
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Figure 3.7: Number of stations associated with each WT in each of the cell concentration categories (absence and higher concentrations). A)
Absence, B) Higher concentrations. Gray areas correspond to WT not being sampled. The red boxes correspond to the two most frequently
sampled WT in each cruise that are used in Figure 3.9.
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Figure 3.8: Example of the segregation in the habitat of A. catenella in the cruise OC402 in 2004. Data
presented in all panels is a monthly composite when the cruise was conducted (May). A) Detail of the
cruise domain, with colored areas corresponding to the WT and the stations with the corresponding A.
catenella concentration segregated in absent (black crosses), 85th percentile (black filled circles) and
remaining stations (gray filled circles). B) Chl-a concentration. C) SST.
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3.4.4. Spatial Distribution of WT
Figure 3.9 maps the spatial distribution of a set of the two WT most frequently associated with
absence or higher concentrations of A. catenella for each of the cruises based on Figure 3.7. The location
and/or extension of the WT varies strongly between cruises, although generalizations can be traced.
Overall, WT associated with absence of A. catenella were most frequently located offshore in the cruise
domain while WT associated with higher concentrations of A. catenella were preferentially located near
shore. WT associated with the absence of A. catenella often occupied larger areas than WT associated
with higher concentrations and often occupied the entire offshore region. The WT associated with
higher concentrations often occupied the area of the Western Maine Coastal Current (WMCC) and when
present in the EGoM, often occupied the offshore side of the Eastern Maine Coastal Current (EMCC, see
Figure 3.1) and the central BoF. Those occasions when both absence and higher concentrations of A.
catenella occurred in the same WT on the same cruise, either occupied offshore regions in the study
area or are predominantly concentrated nearshore in the WGoM.
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Figure 3.9: Spatial distribution of the WT commonly associated with absence and high concentrations of A. catenella. Panels correspond to
individual cruises and are rotated to facilitate comparison.
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Given the variability in which WT is associated with absence and higher concentrations of A.
catenella between cruises (Figure 3.7) and their location (Figure 3.9), it is helpful to identify their
common area of occurrence during the study period. Figure 3.10 shows the climatological monthly
distribution of the 20 WT over the bloom season in the cruise domain. There is strong differentiation in
which WT occupies the BoF, EGoM, and WGoM, as well as those between the coastal regions and the
deeper, offshore regions. Seasonal changes include monthly reduction of the area occupied by WT
characteristic of coastal regions, most evident in the WGoM and Bay of Fundy (Figure 3.10A and C) and
changes in the patchiness and diversity of WT occupying the offshore regions, strong in June (Figure
3.10B) and weaker in May (Figure 3.10A). Coastal areas in the Bay of Fundy are predominantly
composed of WT 1 especially in May and June and in the GoM by WT 3 and WT 4, strongest in May. The
larger EGoM and WGoM offshore areas are often occupied by WT 8 and 11 in May (Figure 3.10A), while
for the remaining bloom season, these two areas are occupied by different WT combinations. The
deeper central area in the BoF is highly heterogeneous during most months, as is the Extension of the
EMCC (ExtEMCC) in late summer. The frequency of occurrence (%) of these WT, calculated as the
number of years a given WT was present in each pixel over the entire time series, represents its stability
over the years (Figure 3.10E-H). Coastal areas are more stable (same WT over time) than offshore areas
early in the season (Figure 3.10E), but the opposite is true later in the season (Figure 3.10H). An
alongshore region of low frequency between the coastal and offshore areas of higher frequency marks a
zone of strong interannual variability in WT. In May (Figure 3.10E) this feature occurs in the EGoM, while
in July and August (Figure 3.10G and H, respectively), it is more obvious in the WGoM. The Scotian Shelf
region, the central BoF and the ExtEMCC are each relatively unstable areas.
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Figure 3.10: Climatological distribution of WT (left panels) and their frequency of occurrence in time
(right panels). Climatology was obtained over the 17 years (2003-2019) by calculating the mode in each
pixel and its frequency of occurrence.
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3.4.5. Temporal Variability in WT
During individual cruises, WT associated with absence or higher concentrations of A. catenella
showed segregation in multiple instances (Figure 3.7). However, for monitoring purposes, identification
of patterns at monthly time scales is desirable. Figure 3.11 summarizes the monthly number of stations
associated with each WT under the two A. catenella concentration extremes used here. Although
multiple WT are shared between absence and higher concentrations, differences emerge in the
frequency that these WT contain such cell concentrations. In May, absence of A. catenella is most
common (more stations) in WT 4, 8, and 11 (Figure 3.11A), while higher concentrations are most
associated with WT 3 and 4 (Figure 3.11B). In June, absence in associated to multiple WT (Figure 3.11C),
while higher concentrations are predominant in WT 4 (Figure 3.11D). In July, WT 4 and 20 are often
associated with absence (Figure 3.11E), while multiple WT are associated with higher concentrations
(Figure 3.11F). In August, absence of A. catenella is associated with multiple WT (Figure 3.11G), whereas
higher concentrations often occur in WT 4 and 11 (Figure 3.11H).
When viewed across different cruise domains, different years and seasons, multiple WT are
associated with either absence or high concentrations of A. catenella. It is therefore helpful to
understand the temporal evolution, area occupied and long-term changes in these WT. To provide a
broader picture of WT temporal variability, the climatological seasonal progression of area coverage
(AC) for each WT over the bloom season is presented in Figure 3.12. Among the 20 WT, three types of
seasonal patterns can be generalized. The first corresponds to an overall decrease in AC over the bloom
season (e.g., WT 1-8, WT 11). The second pattern corresponds to maximum AC mid-season (either June
or July) and lower in May and August (e.g., WT 10, 12-15, 17 and 18). The third pattern corresponds to a
general increase in AC over the bloom season (e.g. WT 16, 19 and 20). These seasonal patterns are
related to WT characteristics effectively separated by the SOM grid. The first seasonal pattern primarily
occupies the left region, the second pattern the top right and the third pattern the bottom left.
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Figure 3.11: Assemblage of the number of stations associated with absence and high concentrations of
A. catenella each month. Numbers on the SOM grid correspond to the WT denomination.
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Figure 3.12: Area coverage (in % of pixels) for each WT over the bloom season. Error bars correspond to
the one standard deviation around the mean from the 17 years of data for each month.
3.5. Discussion
Implementation of monitoring and forecasting strategies for A. catenella blooms in the Gulf of Maine
has been challenging due to the strong interannual, seasonal and spatial variability in the distribution
and magnitude of blooms. Adding to the problem is the fact that A. catenella forms overwintering cysts
and therefore responds to factors controlling both cysts and vegetative cells differently, with often
inconsistent response of this species to changes in environmental conditions (Anderson et al., 2005b,
Anderson et al., 2014a). The strong interannual variability in A. catenella over the nearly two decades of
available data presented here illustrates the spatial and temporal heterogeneity of A. catenella in the
region. Spatial distribution in A. catenella concentrations, the occurrence of extensive blooms and the
mechanisms leading to these events, such as in 2005 have been previously explored (Anderson et al.,
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2005a; He et al., 2008). Together with 2008, 2013, and 2017, these years represented the highest
concentrations of A. catenella in the GoM in the time series, far exceeding the 200-1000 cells L-1 leading
to mandatory shellfish harvesting closures. Compared to a longer time series (beginning in 1988) of A.
catenella concentration in the Bay of Fundy, these high concentration years in the GoM do not
correspond to similar bloom magnitudes in the Bay of Fundy, although 2008 had high concentrations in
both regions (Martin et al., 2014a; Bucci et al., 2020). The synthesis of cell concentration data showing
interannual variability presented here provides new insights into the dynamics of A. catenella for the
region. This time series provides an additional view of A. catenella dynamics, as time series for other
metrics (e.g., toxicity, cysts) already exist in the region (Thomas et al., 2010; Nair et al., 2013; Anderson
et al., 2014a; Anderson et al., 2014b).
By using several cruises from 2003 to 2019 and concurrent remote sensing products, including
environmental and optical data, it was possible to identify a segregation in habitat occupied by A.
catenella. Higher concentrations of A. catenella developed in colder waters, with higher Chl-a and lower
(higher) 𝑅𝑟𝑠(𝜆) at shorter (longer) wavelengths. This segregation was only evident when comparing
extremes in concentrations (absence and highest 85th percentile) and worked at a cruise-by-cruise basis,
rather than a consistent set of shared parameters. This suggests that A. catenella occurs in a gradient of
conditions with consistent overlap of preferred habitat with increasing cell concentration. Therefore,
only the extremes in A. catenella concentration show consistent differentiation. Tobin et al., (2019)
showed that although A. catenella in Alaska coastal waters occurs in a wide range of temperature (715˚C) and salinity (4-30), highest concentrations only developed at a narrower optimal range (10-13˚C,
18-23). Although both environmental conditions and the highest cell concentrations (<10 to 5.6x105 cells
L-1) varied between the cruises analyzed, habitat segregation occurred consistently between the two cell
concentration categories. These results have two direct implications, initially by providing a more
holistic understanding of A. catenella habitat with the inclusion of multiple variables, and secondly by
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providing new directives to monitoring efforts in the region, by targeting the preferred habitat of A.
catenella.
Factors linked to A. catenella developing high concentrations in the GoM include low wind
conditions, calm waters, surface inorganic nitrogen concentrations and ambient light availability
(Townsend et al., 2001, Martin et al., 2009, Horecka et al., 2014). Normally, the development of A.
catenella blooms are strongly connected to the onset of (or to conditions leading to) surface
stratification (Tobin et al., 2019, Bucci et al., 2020) and often modulated by the physical accumulation
along hydrographic fronts (Pingree et al., 1975; Holligan et al., 1983). For the Gulf of Maine, these
conditions would imply warmer surface temperatures, lower surface salinity and lower wind stress to
reduce vertical mixing. It is possible the preference displayed by A. catenella for colder surface waters
over the entire bloom season is associated with nutritional requirements, assuming the reduced surface
temperature resulted from vertical mixing with colder, nutrient-rich waters. Townsend et al. (2001)
showed this was the case for high concentrations of A. catenella developed at the colder, vertically
mixed and nitrate abundant EMCC. Relationships between the area occupied by these WT and
environmental forcing such as river discharge and wind stress were tested, however no consistent
pattern emerged (data not shown). Several variables were required to explain the interannual variability
of WT, including the interaction of wind and river products.
Associations between A. catenella and optical data other than Chl-a are limited in the region (e.g.,
Devred et al., 2018). Here, higher concentrations of A. catenella were frequently observed in Chl-a-rich
waters. Naturally, this association could be related to the increase in A. catenella contribution to the
total Chl-a stock in the area. However, in multiple cruises the higher concentrations defined by the 85th
percentile were actually low (<100 cells L-1) unlikely to influence Chl-a concentration, indicating
predominance of other phytoplankton species. Although Chl-a and 𝑅𝑟𝑠(𝜆) are highly correlated,
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exploring 𝑅𝑟𝑠(𝜆) separately provides valuable information on other components present in the water
other than just phytoplankton. Here we identified that higher concentrations of A. catenella develop in
waters with low 𝑅𝑟𝑠(𝜆) at shorter wavelengths (412, 443 and 488nm). These parameters are affected
by increasing concentrations of phytoplankton, non-algal particles and chromophoric dissolved organic
matter in the water, reducing 𝑅𝑟𝑠(𝜆) as these components strongly absorb light at short wavelengths
(O’Reilly et al., 1998). It is likely that the high Chl-a present in waters associated with higher
concentrations of A. catenella are also responsible for the reduction of 𝑅𝑟𝑠(𝜆). For longer wavelengths
(667nm and 678nm), the influence of non-algal particles and chromophoric dissolved organic matter is
minimum. These wavelengths are more affected by inorganic suspended particulate matter resulting
from riverine input or bottom sediments by increasing the particulate backscattering and, therefore,
𝑅𝑟𝑠(𝜆) (Nechar et al., 2010). HABs are also known to increase 𝑅𝑟𝑠(𝜆) signal at longer wavelengths due
to physical accumulation of cells near the surface and the strong absorption of light at shorter
wavelengths (Dierssen et al., 2006). However, in several cruises A. catenella did not reach
concentrations likely to promote increases in 𝑅𝑟𝑠(667) and 𝑅𝑟𝑠(678) and an association with more
turbid, Chl-a-rich waters is likely causing this effect.
Grouping the environmental conditions into water types can assist in monitoring two extremes of A.
catenella concentrations (Figure 3.7). The SOM analysis used here allowed for the identification of
spatial and temporal patterns encompassing all environmental variables simultaneously. Classifications
like these are common, especially with the incorporation of remote sensing products (e.g., Mélin and
Vantrepotte, 2015). Here, we showed that higher concentrations of A. catenella are frequently
associated with WT 4 and 3, while absence of A. catenella is found in multiple WT. This WT preference is
evident even in cruises where these WT are not largely sampled. The location of these WT in the GoM
reflects oceanographic features in the region (Figure 3.9). WT associated with high concentrations
occurred predominately in coastal areas along the WMCC and often in the central Bay of Fundy and
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offshore of the EMCC. Most of these areas have historically high chlorophyll-a concentrations and low
temperature due to vertical mixing (Townsend et al., 2001; Thomas et al., 2003). When cruises are
grouped monthly, A. catenella habitat segregation was less evident (Figure 3.11). This is mainly because
the period and area sampled in each cruise varied, consequently creating a larger range in
environmental conditions and WT sampled when analyzed together. Although not incorporated in the
SOM analysis presented here, including vertical mixing as a function of local depth and/or tidal forcing
as another variable could prove beneficial to further explain the association between these WT and A.
catenella concentrations. In shallow areas in the Gulf of Maine, tidal vertical mixing is an important
factor controlling the vertical distribution of cysts and cells of A. catenella (e.g., Townsend et al., 2005b),
therefore explaining part of the spatial segregation observed in the WT associated with each cell
concentration category.
3.6. Conclusions
The classification of water types during the A. catenella bloom season presented here isolates the
preferred habitat for this species and shows how this habitat is changing in time and space. This
information is an important addition to monitoring efforts regarding A. catenella in the GoM. All the
habitat variables analyzed here correspond to remote sensing products that sample the GoM daily in
cloud-free conditions, are readily and freely available and allow for a prompt identification of areas and
conditions of interest associated with A. catenella. For example, future monitoring efforts could follow
the evolution of environmental conditions in the GoM and flag areas that match the segregation
conditions observed here. The identification of specific WT associated with high concentrations of A.
catenella, with a defined set of environmental and optical signatures is a strong advantage for studies of
A. catenella in the region. Aiming sampling efforts to a specific region or WT reduces the effort required
for sampling at sea.
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4. HYPERSPECTRAL VARIABILITY IN REMOTE SENSING REFLECTANCE IN THE GULF OF
MAINE DURING SUMMER AND EARLY FALL.
4.1. Chapter Abstract
The upcoming NASA Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission will provide
hyperspectral data to improve our understanding of variability in ocean ecology and biogeochemistry
and the response of the ocean to climate change. This study assesses the spatial and temporal variability
in the hyperspectral Remote Sensing Reflectance (𝑅𝑟𝑠(𝜆)) across the Gulf of Maine, its connection to
changes in local biogeochemistry and the extent to which this information improves upon multispectral
measurements. In-situ environmental parameters and above water hyperspectral radiometry were
acquired along a transect between Yarmouth (N.S., Canada) and Portland (Maine, USA) that was
revisited four times from the summer to early fall in 2017. An empirical orthogonal function
decomposed the 𝑅𝑟𝑠(𝜆) to obtain the primary modes of spectral and spatial variability and correlated
to temperature, salinity and chlorophyll. We compared measured 𝑅𝑟𝑠(𝜆) to a modeled, multispectral
derived 𝑅𝑟𝑠′(𝜆) to identify and characterize spectral differences. We identified strong changes in the
primary modes of variability 𝑅𝑟𝑠(𝜆) over areas with rapid temperature and chlorophyll changes, mostly
near the Scotian Shelf and surrounding the Extension of the Eastern Maine Coastal Current. Correlations
between PCs and temperature, salinity and chlorophyll are stronger and more significant in the summer
than early fall. Spectral differences between 𝑅𝑟𝑠(𝜆) and 𝑅𝑟𝑠′(𝜆) are stronger at bands centered at
452nm and 504nm and at wavelengths >550nm, related to increased phytoplankton contribution and
particle backscattering. These findings highlight the potential of using hyperspectral resolution to
investigate, in time and space, the ocean environment and its biogeochemistry, along with
phytoplankton community, afforded by the upcoming NASA hyperspectral PACE mission, in an
oceanographic complex and socio-economically important region such as the Gulf of Maine.
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4.2. Introduction
Ocean color remote sensing provides a powerful non-invasive tool to study the biogeochemistry of
the oceans. Water constituents such as phytoplankton, non-algal particles (NAP) and chromophoric
dissolved organic matter (CDOM) that are strongly connected to ocean biogeochemistry, the carbon
cycle and climate change, can be assessed using remote sensing techniques. Current, satellite-based
ocean color remote sensing is based on multispectral sensors with discontinuous spectral bands at
specific regions of the visible and infrared electromagnetic spectrum. These bands were originally
selected to quantify chlorophyll-a (Gordon and Morel, 1983) but eventually new bands were included to
expand the applications of remote sensing (e.g. Blondeau-Patissier et al., 2014). A further increase in
spectral resolution, commonly referred as hyperspectral, permits the identification of spectral nuances
not possible using multispectral bands. The identification of spectral features at a hyperspectral
resolution enhances the validation and development of remote sensing algorithms to derive inherent
optical properties (IOPs) from apparent optical properties (Werdell et al., 2018). The use of in-situ and
airborne hyperspectral instruments has significantly improved the retrieval of phytoplankton functional
types (Chase et al., 2017) and bio-optical properties (Devred et al., 2013), atmospheric correction
(Thompson et al., 2015), resolution of shallow water substrates (Hochberg and Atkinson, 2003), and
harmful algal blooms (Craig et al., 2006). In addition to increasing the number of degrees of freedom
and enhanced problem-solving capacity, hyperspectral data allow the quantification of aspects of spatial
and temporal variability in the ocean that is not possible with multispectral data or bulk chlorophyll-a
estimates alone (Vandermeulen et al., 2020). The upcoming NASA Plankton, Aerosol, Cloud, ocean
Ecosystem (PACE) mission will provide global hyperspectral data to further understand variability in
ocean ecology, biogeochemistry and the response of the ocean to climate change (Werdell et al., 2019).
Here, we use a ship-mounted hyperspectral instrument to show the dominant modes of hyperspectral
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variability across a productive shelf region, document these relationships to oceanographic variables
and highlight the increase in information compared to multispectral information.
Hyperspectral remote sensing measurements of the ocean allows both new products and improved
information on water quality that are currently being assimilated by stakeholders (Kutser et al., 2020).
Most studies involving hyperspectral radiometry focus on validation and development of algorithms
(e.g., Chase et al., 2017; Lange et al., 2020) or validation of legacy multispectral ocean color sensors
(Brando et al., 2016). Fewer studies focus on using the full array of wavelengths to classify water color
types or describe their variability in space and time (Vandermeulen et al., 2020). Eleveld et al. (2017)
created a classification system based on hyperspectral reflectance for lakes and inland water bodies
with distinct optical conditions across Europe and China. Using derived hyperspectral products, Verma et
al. (2021) identified spatial variability in phytoplankton community composition at sub-km scales
connected to river plumes. Much of the hyperspectral data is freely available to the public as a compiled
databank of current global hyperspectral measurements (Casey et al., 2020). Regardless of application
or approach used, the full spectral information present in hyperspectral data promises an improved
ability to quantify and monitor changes in ocean color. Utilizing a full spectral resolution is especially
important in coastal and shallow areas, where small spectral differences can separate waters with
potentially important differences in biogeochemical and optical conditions (Kutser et al., 2020).
As a mid-latitude marginal sea, the Gulf of Maine in the northeastern U.S.A. exhibits a wide range of
bathymetric and environmental conditions, a complex oceanography, and a strong seasonal cycle
characteristic of temperate regions. Separation between coastal and immediate offshore conditions are
a product of the local circulation pattern which changes seasonally (Bigelow, 1927) in response to local
forcing by tidal mixing (e.g. Lynch et al., 1997), surface heat flux (e.g., Xue et al., 2000) and wind (e.g., Li
et al., 2014). The region is recognized as one of the most biologically productive in the North Atlantic
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and historically supporting large fish stocks and marine resources. The seasonal cycle in phytoplankton
biomass is typical of temperate regions, with spring and fall blooms and lower biomass in the remainder
of the year. Variability in phytoplankton distribution patterns in the region are driven by changes in
water mass (Ji et al., 2007), location of frontal systems (Tian et al., 2015) and remote forcing events such
as the intrusion of Gulf Stream rings (Ryan et al., 2001). The Gulf of Maine is also characterized by its
large watershed and the influence of freshwater discharge on its circulation (Pettigrew et al., 2005). The
strong seasonal component in freshwater influence in the Gulf of Maine affects biological patterns and
the contribution of dissolved organic matter to the system (Huntington and Aiken, 2013). These many
processes acting at different spatial and temporal scales on the biology and hydrography interact with
the bathymetry to create complexity in the environmental conditions and optical properties of the Gulf
of Maine.
Most previous optical assessments in the Gulf of Maine using satellite remote sensing were focused
on quantifying chlorophyll-a and its variability (e.g., Yoder et al., 2002; Thomas et al., 2003; Ji et al.,
2007; Song et al., 2010). Ship-based optical surveys in the Gulf of Maine expand on these to explore
changes in bio-optical properties associated with different water constituents in addition to just
phytoplankton itself. Balch et al. (2004) described the spatial and temporal patterns of scattering
properties in the region and their connection to water types and chlorophyll. Balch et al. (2012) and
Balch et al. (2016) identified areas in the Gulf of Maine with increased CDOM and quantified its
temporal changes. These studies use single band coefficients (absorption, scattering), or products (such
as chlorophyll) that are derived from 1-3 band ratios. No measurements were available in the
wavelength intervals between these bands along the spectrum. Neither previous satellite nor ship-based
surveys of the Gulf of Maine provide a systematic assessment of characteristics of ocean color and its
variability using the full visible spectrum. Hyperspectral resolution sensors add potentially critical
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information, using more optical bands improving the classification of water types in coastal areas (Mélin
and Vantrepotte, 2015).
Here, ship-based measurements of hyperspectral remote sensing reflectance collected during 4
cruises over the summer and early fall of 2017 were used to provide an initial assessment of time and
space variability in the hyperspectral information along a transect across the Gulf of Maine. The goals of
this study are to (1) identify and characterize the primary spectral modes of variability in the
hyperspectral remote sensing reflectance, (2) identify spectral regions where this variability is strong
and adds information beyond those possible with multispectral measurements, and (3) examine the
association of this variability in hyperspectral remote sensing reflectance with oceanographic features.
4.3. Materials and Methods
4.3.1. GNATS and in-situ sampling
Data presented here are part of the long-term monitoring project, the Gulf of Maine and North
Atlantic Time Series (GNATS) that has been in place since 1998 (Balch et al., 2004, 2008, 2012, 2016,
2022). GNATS includes a ship transect between Portland (ME, U.S.A.) and Yarmouth (NS, Canada) (Figure
4.1) that is visited on average 10 times per year from late spring to early fall (1998-2006) or throughout
the year (2006-present). The data collection includes continuous underway sampling of above water
radiometry and an inline system for continuous water sampling of optical properties, hydrographic and
biogeochemical parameters. Four surveys from 2017 on which the sampling was augmented by a
hyperspectral radiometer over the summer and early fall were used in this study (Table 4.1). Selected insitu surface data used here included temperature (SST, ˚C), salinity (SSS, psu), water density (sT), and
chlorophyll-a concentration (Chl-a, mg m-3) sampled from the flow-through system, that, after quality
control and processing have a spatial resolution of roughly 2.7km along the transect. A detailed
description of the GNATS sampling and processing procedures can be found in Balch et al. (2008) and
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the entire dataset used in this work can be downloaded from NASA’s SeaWiFS Bio-optical Archive and
Storage System (SEABASS9).

Figure 4.1: The Gulf of Maine study area with the position of the GNATS transect in red that was
revisited 4 times in 2017. Black arrow next to the GNATS transect shows the vessel direction during
sampling.

Table 4.1: Hyperspectral GNATS surveys from 2017 and the days used to create satellite remote sensing
composite products for SST and chlorophyll. Dates are presented as day of the year (DOY).

9

Cruise

DOY

SST

Chlorophyll

July 10th

191

190-191

185-187

August 4th

216

215-218

212

August 15th

227

229

221-228

September 27th

270

272

267-274

https://seabass.gsfc.nasa.gov/cruise/ - cruise ID: s170710w, s170804w, s170815w and s170927w
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4.3.2. Ship-measured above-water radiometry
4.3.2.1. Hyperspectral Remote Sensing Reflectance
A Hyperspectral Surface Acquisition System (HyperSAS, Seabird Inc.) with a 3nm spectral resolution
(350-800nm) was operated continuously along each transect. Measurements included planar
downwelling irradiance (𝐸/ , in µW m-2 nm-1), total upwelling radiance (𝐿- , µW m-2 nm-1 sr-1) and sky
radiance (𝐿012 , µW m-2 nm-1 sr-1). Radiometric measurements made at instrument tilt angles larger than
5˚ were discarded. Solar zenith angles were kept between 20˚ and 60˚ (Brewin et al., 2016; Zhang et al.,
2017) and zenith viewing angles for both the 𝐿012 and 𝐿- sensors were fixed at 40˚ and 140˚,
respectively (Mobley 1999; Mueller et al., 2003). Relative azimuth angle between the sun and the
sensors was kept between 90˚ and 135˚ (Mobley 1999; Zhang et al., 2017) and data outside these
bounds were discarded. Prior to remote sensing reflectance (𝑅𝑟𝑠(𝜆), sr-1) calculation and quality
control, radiometric data were interpolated to 1nm resolution to facilitate normalization of different
sensors spectral resolution. Individual measurements were binned into 30s intervals and the average
spectrum was calculated. The combination of spatial binning and vessel speed resulted in approximately
one spectrum for every 500m.
Wind speed from the Remote Sensing Systems Daily Cross-Calibrated Multi-Platform10 at the closest
hour to the occurrence of the cruises show that the average wind speed along the transect were 4 m s-1,
4 m s-1, 2 m s-1 and 2 m s-1 respectively for each cruise. These values are below the commonly used
threshold of 10 m s-1 in NASA ocean color remote sensing protocols (Mueller et al., 2003). Although this
wind data is an average along the transect, analysis showed that values above 10 m s-1 were never
reached in any of the cruises in any datapoints near the GNATS transect (data not shown). Further
radiometric data quality control included removal of:

10

http://www.remss.com/support/data-shortcut/
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1. measurements with intensive glint if 𝐿- (l=750-803) > 𝐿- (l=350-400)
2. measurements during cloud coverage and overcast sky conditions by 𝐿012 (l=750) / 𝐸/ (l=750) >= 0.05
(Mobley 1999; Ruddick et al., 2006)
3. measurements near dusk or dawn by 𝐸/ (l=470) < 𝐸/ (l=680) (Garaba et al., 2012)
4. measurements during high relative humidity or rain conditions by 𝐸/ (l=730) / 𝐸/ (l=370)<1.095
(Garaba et al., 2012; Ruddick et al., 2006).
𝑅𝑟𝑠(𝜆) was calculated following Mobley (1999) as presented in (Equation 4.1):

𝑅𝑟𝑠(𝜆) =

34& (6)8 #()* × 4()* (6)9
:$ (6)

Equation 4.1

where 𝜌012 (dimensionless) represents the sea-surface reflectance index. 𝜌012 was calculated by
adjusting a cost function for each spectrum that minimizes the outcome value of 𝑅𝑟𝑠(𝜆) in the near
infra-red region. A distribution of values for 𝜌012 is presented in APPENDIX C. This approach, however,
ignores the spectral dependence of sky glint and assumes negligible water-leaving radiance in the 750800nm range, which is not true for turbid waters and should be avoided in these circumstances. In the
study area, turbid waters are more commonly found outside the sampling domain and during the
summer, chlorophyll levels were low enough to suggest confidence in using this approach. This near
infra-red minimization approach ensures that the resulting 𝑅𝑟𝑠(𝜆) is near zero between 750 and
800nm. Resulting 𝑅𝑟𝑠(𝜆) spectra with a negative value between 400 and 700nm were removed from
the analysis, summing to 8.9% of the total observations removed. To assess the overall quality of the
resulting 𝑅𝑟𝑠(𝜆) spectra, we utilized the score system of Wei et al. (2016). 𝑅𝑟𝑠(𝜆) spectra with score
values below 0.5 are considered unfit data and were discarded. For the four cruises presented here,
98.5% of the 𝑅𝑟𝑠(𝜆) data were above the 0.5 score, with unfit data present only in the cruises of July
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10th (3%) and September 27th (3.4%). Most of the scores were in the range of 0.9 to 1 (68% of data). The
spatial and frequency distribution of QA scores are presented in APPENDIX D.
4.3.2.2. Multispectral Remote Sensing Reflectance
Multispectral remote sensing reflectance matching the 1km resolution ocean color bands of MODISA were obtained by applying a spectral response function11 to the hyperspectral 𝑅𝑟𝑠(𝜆). The selected
MODIS-A bands, commonly referred to by their central wavelength, were 412nm, 443nm, 488nm,
531nm, 547nm, 667nm and 678nm. The band-averaged multispectral signal (𝑅𝑟𝑠(𝜆; ), sr-1) was derived
by integrating the product of the hyperspectral 𝑅𝑟𝑠(𝜆) and the spectral response function over the
range of each MODIS-A spectral band. More information on the integration and application of the
Spectral Response Function is available at NASA’s Ocean Color Website12.
4.3.2.3. Derived Optical Products and Residuals
To evaluate the improvement in information content present in hyperspectral data, we investigate
the differences between measured 𝑅𝑟𝑠(𝜆) and modeled remote sensing reflectance (𝑅𝑟𝑠′(𝜆), sr-1)
derived from the multispectral 𝑅𝑟𝑠(𝜆; ). We mathematically derive 𝑅𝑟𝑠′(𝜆) using well established
inversion protocols and spectral reconstruction techniques that result in an optimal 𝑅𝑟𝑠′(𝜆). Equations
2 to 9 detail the steps necessary to obtain 𝑅𝑟𝑠′(𝜆). Because IOPs are used to derive 𝑅𝑟𝑠′(𝜆), all the
calculations are done with sub-surface remote sensing reflectance (𝑟+0 (𝜆, 08 ), in sr-1) and then
transposed through the air-sea interface. The 𝑟+0 (𝜆, 08 ) is commonly simplified as a function of total
backscattering (𝑏< (𝜆), m-1) and total absorption (𝑎(𝜆), m-1) coefficients of the water constituents. This
relationship can be expanded to include parameters that account for the light field geometry,
illumination conditions, volume scattering function and the sea surface properties (Gordon et al., 1988),
represented by 𝐺= (𝜆) and 𝐺( (𝜆) (in sr-1) in
11
12

Equation 4.2.

https://oceancolor.gsfc.nasa.gov/docs/rsr/HMODISA_RSRs.txt
https://oceancolor.gsfc.nasa.gov/docs/rsr/
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𝑟+0 (𝜆, 08 ) ≅ <

<+ (6)

+
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+
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+

(

8
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Equation 4.2

where 𝜆 is the visible spectrum wavelengths from 400nm to 700nm and 𝐺= (𝜆) and 𝐺( (𝜆) are spectrally
constant parameters taken from Gordon et al. (1988). In addition, 𝑏< (𝜆) and 𝑎(𝜆) can be expanded into
specific components that are expressed as the product of its weight-specific spectrum (eigenvector) and
its concentration or amplitude (eigenvalues) as in Equation 4.3 and Equation 4.4:
∗
𝑏< (𝜆) = 𝑏<, (𝜆) + 𝑏<? (𝜆) = 𝑏<, (𝜆) + 𝐵<? 𝑏<?
(𝜆)

∗
∗ (𝜆)
(𝜆)
𝑎(𝜆) = 𝑎, (𝜆) + 𝑎/@ (𝜆) + 𝑎A (𝜆) = 𝑎, (𝜆) + 𝐴/@ 𝑎/@
+ 𝐴A 𝑎A

BCC B."(

𝑏<, (𝜆) = 0.0038 × 7

6

8

Equation 4.3
Equation 4.4

Equation 4.5

where 𝑏<, (𝜆) (m-1) is the backscattering coefficient for pure seawater and calculated following Zhang et
al. (2009) (Equation 4.5), 𝑏<? (𝜆) (m-1) is the particulate backscattering coefficient which is often
∗
represented as its respective eigenvalue (𝐵<? ) and spectral eigenvector (𝑏<?
(𝜆)). For the absorption

coefficients, 𝑎, (𝜆) (m-1) is the pure seawater absorption coefficient obtained from Pope and Fry (1997),
𝑎/@ (𝜆) (m-1) is the absorption coefficient for non-algal particles and chromophoric dissolved organic
matter, and 𝑎A (𝜆) (m-1) is the phytoplankton absorption coefficient. 𝑎/@ (𝜆), and 𝑎A (𝜆) are expressed
∗
∗ (𝜆)
(𝜆)).
as a product of their respective eigenvalues (𝐴/@ and 𝐴A ) and spectral eigenvectors (𝑎/@
and 𝑎A

The eigenvalues (𝐵<? , 𝐴/@ and 𝐴A ) were obtained by using the Generalized Ocean Color Inversion
Model (GIOP, Werdell et al., 2013) on the subsurface equivalent of 𝑅+0 (𝜆; ) (𝑟+0 (𝜆; , 08 ), in sr-1). The
GIOP model was selected for its simplicity and its frequent use in current NASA protocols, allowing
∗
direct comparison to currently available remote sensing products. The eigenvector 𝑏<?
(𝜆) and the

spectral power for particle backscattering (𝑆<? , nm-1) were calculated following Lee et al., (2002) and
∗ (𝜆)
Equation 4.6. 𝑎/@
is normally expressed as an exponential decay along the visible spectrum (Equation
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4.7 as a function of the spectral power for non-algal particles and chromophoric dissolved organic
matter (𝑆/@ , nm-1). 𝑆/@ normally varies between 0.01 and 0.02nm-1, and here taken as 0.018nm-1
∗
(𝜆) was derived following Bricaud et al. (1995, 1998) using ocean color
(Roesler et al., 1989). Finally, 𝑎A

derived chlorophyll-a concentration (𝑐ℎ𝑙, mg m3) from 𝑅+0 (𝜆; ) (O’Reilly et al., 1998) and normalized
∗
(𝜆)=0.055 m2 mg-1 (Werdell et al., 2013) (Equation 4.8). The spectrally variable parameters
such that 𝑎A

𝐴(𝜆) and 𝐵(𝜆) are provided by Bricaud et al. (1995).
BB" E+,

∗
𝑏<?
(𝜆) = 7

6

8

+ (6 FBB",C. )

and 𝑆<? = 2.2 R1 − 1.2𝑒𝑥𝑝 W−0.9 +#( (6- FHBI,C. )YZ
#(

-

Equation 4.6

∗
𝑎/@
(𝜆) = exp (−𝑆/@ 𝜆) ; 𝑆/@ = 0.018

Equation 4.7

C.CHH

Equation 4.8

∗
(𝜆) =
𝑎A

∗
)/
(BB")

𝐴(𝜆) 𝑐ℎ𝑙 8J(6)

With the proper parameters and variables, Equation 4.2 is solved and then 𝑟+0 (𝜆, 08 ) is transposed
across the air-sea interface following Lee et al. (2002) and Equation 4.9, resulting in the above-water
reconstructed hyperspectral 𝑅+0 ′(𝜆). The absolute spectral difference between 𝑅𝑟𝑠(𝜆) and 𝑅𝑟𝑠′(𝜆) is
hereinafter referred to as 𝐻𝑀𝑟𝑒𝑠(𝜆), given in sr-1.
C.H(+ (6,C. )

𝑅+0 ′(𝜆) = =8=.I+#( (6,C. )
#(

Equation 4.9

4.3.3. EOFs and Statistical Analysis
Empirical Orthogonal Function (EOF) analysis was performed to identify and quantify the dominant
patterns of variability in the hyperspectral 𝑅𝑟𝑠(𝜆) along the transects. EOF analysis was performed with
all cruises aggregated and we considered the first three modes of variability for relevant display of
spatial information. Hereinafter, the EOF Modes (spectral signatures) and their Principal Components
(loadings) are called “Modes” and “PCs” with their associated number. Pearson correlation was used to
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compare PCs to independently measured environmental metrics (e.g., SST, SSS and Chl-a). To determine
the degrees of freedom and the significance level of the correlations, autocorrelation must be
considered. Effective degrees of freedom were calculated based on Bayley and Hammersley (1946) and
Clifford et al (1989).
4.3.4. Satellite Remote Sensing Products
Satellite-measured sea surface temperature (SST-sat) and chlorophyll-a concentration (Chl-sat) were
used to describe the overall oceanographic conditions in the Gulf of Maine during the cruise times and
to facilitate the discussion of the results presented here. SST and chlorophyll images were selected
based on their proximity to the cruises time and overall quality of cloud-free data and used individually
or to create a time composite (Table 4.1). SST was obtained from 1Km resolution Advanced Very HighResolution Radiometer (AVHRR) daily passes over the Gulf of Maine, and composites were created by
averaging the 75% warmest values in time at each location. This approach ensures that any cloud
contaminated data and cloud shadows are removed from the composite as they appear as colder
temperatures. A spatial 5x5 window median filter over the final product was used to reduce variability
among neighboring pixels. Chlorophyll was obtained from MODIS-Aqua daily 1Km resolution passes
downloaded from NASA Ocean Color13 at level 2 (reprocessing R2018.1), keeping standard NASA
processing protocols and atmospheric correction (Mueller et al., 2003). Images were remapped to our
study area and composites, whenever necessary (Table 4.1) were created by averaging the pixels in time
using only the chlorophyll-a values within 2 standard deviations of the mean. A spatial 5x5 window
median filter over the final product was used to reduce variability among neighboring pixels.

13

https://oceancolor.gsfc.nasa.gov
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4.4. Results
4.4.1. Overall spatial conditions in the Gulf of Maine
Overall patterns of SST-sat and Chl-sat, including seasonal changes, in the Gulf of Maine during the
time of the GNATS cruises are well captured by the 2017 satellite data (Figure 4.2). Large areas with
higher SST-sat, typical of the summer, occur from July 10th (Figure 4.2A) to August 15th (Figure 4.2C),
with a strong decrease in SST-sat by September 27th (Figure 4.2D), characteristic of the early fall. The
spatial pattern of SST-sat strongly reflects circulation patterns in the summer but becomes more
homogeneous by September. Over the study period, the coastal and offshore western Gulf of Maine is
occupied by a large area of higher SST-sat. In the eastern Gulf of Maine, a colder SST-sat band stretches
along the coastal areas of Nova Scotia, New Brunswick, and Maine. South of Penobscot Bay, this colder
band veers offshore, creating the extension of the Eastern Maine Coastal Current (ExtEMCC). The GNATS
transects traverse much of this spatial variability in SST-sat, including the colder SST-sat near Nova
Scotia, the warmer Jordan Basin, the colder ExtEMCC and part of the slightly warmer Western Gulf of
Maine. The overall values of Chl-sat in the Gulf of Maine increase from summer (Figure 4.2E-G) to early
fall (Figure 4.2H), both in coastal and offshore areas. Chl-sat is higher in the very near shore and offshore
deep basins, such as Jordan Basin have the lowest concentrations. On August 4th (Figure 4.2F) and
September 27th (Figure 4.2H), patches of higher Chl-sat occur offshore, mostly at the ExtEMCC and
offshore of Nova Scotia. On September 27th specifically, higher Chl-sat values also occur over Jordan
Basin. Many Chl-sat features show similarity to overall SST-sat patterns, including the position of frontal
systems. The GNATS transects capture several of the offshore patterns in Chl-sat, including low
chlorophyll over Jordan Basin and more productive areas such as ExtEMCC and coastal Nova Scotia, but
did not sample the very high Chl-sat region nearshore.
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Figure 4.2: Satellite-measured SST-sat (top panels, A-D) and Chl-sat (bottom panels, E-H) spatial patterns
in the Gulf of Maine during the four 2017 GNATS cruises. DOY interval on the map corresponds to the
dates used to create the composite image. Black line corresponds to the GNATS transect.
4.4.2. Spectral characterization on the Gulf of Maine
The mean spectral signature in 𝑅𝑟𝑠(𝜆) and the spectral dependence of the spatial variability varied
for each GNATS cruise (Figure 4.3). Overall, spatially averaged 𝑅𝑟𝑠(𝜆) (Figure 4.3A-D) increases from
lower values at 400nm to a maximum at 488nm (531nm for September 27th) and decreases strongly in
the region 550-600nm towards longer wavelengths. 𝑅𝑟𝑠(𝜆) is low beyond 600nm with a small increase
near 683nm. The contribution of mid-wavelengths (488-555nm) to the 𝑅𝑟𝑠(𝜆) signal increases over
time, from July 10th (Figure 4.3A) to September 27th (Figure 4.3D), resulting in a flat spectrum in this
region on September 27th. The small peak at 683nm shows the same increasing temporal progression.
The magnitude of the 𝑅𝑟𝑠(𝜆) signal at shorter wavelengths (412-443nm) is higher on August 4th and
August 15th (Figure 4.3C and D, respectively) than the other cruises.

83

The standard deviation of 𝑅𝑟𝑠(𝜆) at each wavelength over the transect provides a measure of
spectral variability in space (Figure 4.3E-H). Cruises in the summer (Figure 4.3E-G) tend to show higher
variability at shorter and mid wavelengths, decreasing towards longer wavelengths. The rate of decrease
and the position in the spectrum where this variability is highest varies between cruises. On July 10th
(Figure 4.3E) and August 15th (Figure 4.3G), 𝑅𝑟𝑠(𝜆) variability is highest at the shortest wavelengths and
decreases relatively steadily to 700nm, with a feature of increasing variability at 565nm. The August 4th
(Figure 4.3F) peak of variability occurs at 560nm, decreasing towards both shorter and longer
wavelengths and reaching the minimum at 700nm. Spectral variability in 𝑅𝑟𝑠(𝜆) on September 27th is
different, with a strong maximum at 570nm and lower in the surrounding regions of the spectrum
(Figure 4.3H). Small peaks of variability are observed around 683nm in all the cruises, relatively stronger
on September 27th.
Spectral variability in 𝑅𝑟𝑠(𝜆) is not spatially uniform along the transect nor among cruises. EOFs
provide a convenient summary of the dominant modes of spectral composition and their time/space
distribution. Although only the first three modes explain most of the spectral variability (99.6%), the
next three modes do capture variability at wavelengths important to our discussion. Here, we show the
spectral patterns of the first six dominant modes (Figure 4.4) but discuss the spatial distribution of only
the first three (Figure 4.5). The first mode of variability (Mode 1, Figure 4.4A) explains 78.6% of total
𝑅𝑟𝑠(𝜆) variability, highest and positive at shorter wavelengths, decreasing between 500 and 600nm and
weak (near 0) beyond 600nm. Mode 2 (Figure 4.4B, 18.7%) is characterized by negative values at shorter
wavelengths (400-500nm), increasing to a positive maximum at 566nm and decreasing towards longer
wavelengths while remaining positive with a sub maximum at ~683nm. Mode 3 (Figure 4.4C, 2.3%) is
highest and positive at shorter wavelengths, decreases to a negative minimum at 492nm and increases
to a positive peak at ~570nm, remaining positive but decreasing towards longer wavelengths. Mode 4
(Figure 4.4D, 0.2%) switches between strong positive peaks near 400nm and 550nm and strong negative
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values near 476nm and 600nm and then increases to near 0 values towards longer wavelengths. Mode 5
(Figure 4.4E, 0.14%) also switches but with strong negative values near 400nm and 510nm and strong
positive peaks near 450nm and 576nm, remaining weak and mostly negative at longer wavelengths.
Mode 6 (Figure 4.4F, 0.03%) is weak and near zero through most of the spectrum with a single strong
negative peak centered at 683nm.

Figure 4.3: Spectral characterization of the surface waters in the Gulf of Maine from July to September
as the mean 𝑅𝑟𝑠(𝜆) spectra from the GNATS cruises on panels A-D. Solid line corresponds to the mean
hyperspectral 𝑅𝑟𝑠(𝜆), filled dots are the multispectral counterparts at MODIS-A wavelengths and
colored shaded areas correspond to two standard deviations around the mean. Panels E-H show the
spectral dependence of the spatial variability of 𝑅𝑟𝑠(𝜆) around the mean, rescaled from 0 to 1 to
facilitate comparison between cruises. Gray areas in panels E-H correspond to the bandwidth observed
by the multispectral ocean color bands from MODIS-A 1Km. Any signal outside these areas is observed
solely by hyperspectral instruments.
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Figure 4.4: EOF modes of 𝑅𝑟𝑠(𝜆) variability from the four GNATS cruises in the Gulf of Maine for the first
six modes. Percentage values correspond to the contribution of each mode to the total variance. Gray
areas correspond to the bandwidth observed by the multispectral ocean color bands from MODIS-A
1Km. Variability outside these areas is observed only by hyperspectral instruments.
The spatial distribution of the PCs for the first 3 modes of variability in 𝑅𝑟𝑠(𝜆) are shown in Figure
4.5. PC1 (Figure 4.5A-D) differs strongly between cruises, almost entirely positive on August 4th (Figure
4.5B) and entirely negative on September 27th (Figure 4.5D). Overall, PC1 aligns closely with the density
field of surface waters on July 10th and less in other cruises. On July 10th (Figure 4.5A), PC1 is strong and
negative at the western and easternmost section of the transect, with weaker values though the middle
section. These weaker values in PC1 are isolated by two frontal systems to the east and west,
represented by the strong changes in density. On August 4th (Figure 4.5B), PC1 is stronger between
69.5W and 69W, decreases to weaker positive values in the middle section and increases towards the
east with a maximum near 67.25W. PC1 on August 15th (Figure 4.5C), is weaker and less variable, mostly
negative west of 68.6W and positive to the east. On September 27th (Figure 4.5D), stronger negative PC1
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values occur from 69.5W to 69W, weaker east of 69W but then stronger towards the easternmost
section of the transect.
Distributions of PC2 (Figure 4.5E-H) show strong spatial features with some shared among cruises in
early summer. The spatial distributions of PC2 in all cruises follow closely those from surface water
density. Strong changes in PC2 occur along frontal gradients, while regions with uniform density fields
also demonstrate a similar pattern in PC2. On July 10th (Figure 4.5E), PC2 is characterized by strong
negative values over most of the transect, weaker and slightly positive between 69W and 68.5W and a
rapid increase to strong positive values to the far east. On August 4th (Figure 4.5F), PC2 is positive and
increases from 69.75W to 68.7W, followed by a rapid decrease to negative values in the central region
and finally increasing again to a maximum positive in the east. On August 15th (Figure 4.5G), PC2 is weak
and near 0 though most of the transect, with a stronger and positive region near 68.6W and east of
67W. On September 27th (Figure 4.5H), PC2 is mostly positive, with peaks at 69.3W, ~68.9W where the
maximum occurs, 68.5W and 67.4W.
Values of PC3 (Figure 4.5I-L) suggest fewer large scale (~80 km) features and more smaller scale (~20
km) variability. The spatial distribution of PC3 show a smaller level of coherence with surface density
along the transect in all the cruises. On July 10th (Figure 4.5I), PC3 is variable but mostly positive west of
~68.3W and weak and/or negative east of this. On August 4th (Figure 4.5J), PC3 is strong and positive on
the westernmost section of the transect and decreases towards the east to become negative, switching
at ~68.7W. On August 15th (Figure 4.5K), PC3 is positive throughout with slightly lower values in the west
and a peak near 68.6W. On September 27th (Figure 4.5L), PC3 is strong and negative in the west,
increases to positive values near 68.8W, but remains weak and mostly negative though the central and
eastern section of the transect.
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Figure 4.5: Spatial distribution of the loadings (PCs) for the first three EOFs and surface waters density over the four GNATS cruises in the Gulf of
Maine. Panels show PC1 (left) to PC3 (right) and rows show the four cruises. Black arrow on the top panels demonstrates the direction of the
cruise and data acquisition.
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Figure 4.6 compares the EOF PCs to space patterns of SST, SSS, and Chl-a, while the statistical
correlations between PCs and environmental metrics are shown in Figure 4.7. No single relationship is
shared across all the cruises or the PCs. Features in the PCs are often slightly displaced from features in
oceanographic variables, suggesting the ocean color features often occur at oceanographic gradients.
There are persistent occurrences of hyperspectral PC features that spatially match oceanographic
features in the SST, SSS and/or Chl-a. For PC1, the region of Jordan Basin in the central portion of the
transect is one of weak variability, especially in mid-summer (Figure 4.6A-B). SST fronts on each side of
this region are associated with peaks in PC1 on all the cruises and these are often associated with peaks
in Chl-a, especially on the eastern side of the transect. On August 15th (Figure 4.6C), the SST frontal
region between 69W and 68.5W is associated with a peak in Chl-a and a strong negative peak in PC1. On
August 4th and August 15th, peaks in PC1 are associated with localized peaks in SSS. PC2 shares a more
consistent relationship with environmental parameters (Figure 4.6E-H) that result in the correlations of
Figure 4.7. Peaks in PC2 strength are often associated with SST frontal zones and Chl-a features,
especially at the eastern end of the transect, but also in the region from 69.25W to 68.5W. On
September 27th (Figure 4.6H), the strong correlation of PC2 with SST and Chl-a variability from Figure 4.7
is evident, as well as an association with SSS variability. Relationships for PC3 (Figure 4.6I-L) are less
clear, but peaks in PC3 are often associated with peaks in Chl-a and changes in SSS, especially in the
western portion of the transect, where peaks are also associated with strong SST gradients.
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Figure 4.6: Spatial distribution of PC1, PC2 and PC3 weights and the environmental conditions on each of the four GNATS cruises in the Gulf of
Maine. SST (black solid line), SSS (gray solid line) and Chl-a (gray dashed line) are identical in each of the PCs plots and are represented on the
right y-axis with only the maximum and minimum values displayed. Black arrow on the top panels demonstrates the direction of the cruise and
data acquisition.
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The strength and significance level of overall correlations between PCs and environmental metrics
measured along the transect are summarized in Figure 4.7. Correlations are at the significance level of
a=0.05 and non-significant correlations are not shown. PC1 never had correlations to SST (Figure 4.7A).
It does show strong positive correlation to SSS on July 10th (r=0.7, p=0.004, df=13) and August 15th
(r=0.61, p=0.005, df=17) and negatively to Chl-a on July 10th (r=0.63, p=0.02, df=11). Most of the
significant correlations are observed in PC2 (Figure 4.7B) which shows strong negative correlations to
SST in all cruises and positive correlations to Chl-a in July 10th (r=0.74, p=0.006, df=10), August 4th
(r=0.75, p=0.005, df=10) and September 27th (r=0.83, p<0.001, df=10). PC3 (Figure 4.7C) shows
relatively weaker correlations than previous EOF modes and no correlation to SST. PC3 has negative
correlations to SSS on August 4th (r=0.8, p<0.001, df=17) and positive on August 15th (r=0.49, p=0.03,
df=17) and a weak correlation to Chl-a only on July 10th (r=0.46, p=0.03, df=21).

Figure 4.7: Correlations between PCs and environmental data along the transects in the Gulf of Maine.
Only significant correlations are displayed, and the colors represent the value and nature of r for each
correlation, blue for negative correlations and red for positive.
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4.4.3. Quantifying deviations from Hyperspectral
To evaluate the difference between information contained in the multispectral and hyperspectral
data, we investigated the spatial distribution and spectral composition of 𝐻𝑀𝑟𝑒𝑠(𝜆), the absolute
spectral difference between measured (𝑅𝑟𝑠(𝜆)) and multispectral-derived (𝑅𝑟𝑠′(𝜆)) remote sensing
reflectance (Figure 4.8). Not unexpectedly, the strongest differences are in wavelengths bands centered
at 400nm, 452nm and 504nm, from 550nm to ~625nm and centered at 683nm, between the MODIS-A
multispectral bands. Longitudinal differences in 𝐻𝑀𝑟𝑒𝑠(𝜆) are weaker on July 10th and stronger on
September 27th (Figure 4.8B and H). On July 10th (Figure 4.8B), higher 𝐻𝑀𝑟𝑒𝑠(𝜆) occurs at 452nm and
504nm through most of the transect. An area of high 𝐻𝑀𝑟𝑒𝑠(𝜆) at longer wavelengths (>575nm) occurs
from 69.1W and 68.5W and also around 683nm from 66.8W to the eastern end of the transect. These
are associated with peaks in Chl-a and colder SST (Figure 4.8A). The cruise on August 4th (Figure 4.8D)
has high values of 𝐻𝑀𝑟𝑒𝑠(𝜆) around 504nm and at wavelengths longer than 575nm through most of
the transect, weaker in the area from 67.4W to 68.8W. The low 𝐻𝑀𝑟𝑒𝑠(𝜆) area corresponds to an
oceanographically stable region with low variability in SSS, SST and Chl-a (Figure 4.8C), while the higher
residual areas where these parameters are more variable, especially Chl-a at the ExtEMCC and
easternmost section of the transect. Elevated 𝐻𝑀𝑟𝑒𝑠(𝜆) values are also present at 683nm west of
68.5W but become much lower east of this point. August 15th (Figure 4.8F) is characterized by relatively
low 𝐻𝑀𝑟𝑒𝑠(𝜆) values across all wavelengths west of 69W and highest 𝐻𝑀𝑟𝑒𝑠(𝜆) from 550nm to
625nm between 68.5W and 68.75W. This feature occurs eastward of a Chl-a peak and at a strong
decrease in SST (Figure 4.8E). Highest 𝐻𝑀𝑟𝑒𝑠(𝜆) at 683nm occur at the easternmost section of the
transect (Figure 4.8F), following an increase in Chl-a and a decrease in SST, common to this area (Figure
4.8E). September 27th (Figure 4.8H) contains the highest 𝐻𝑀𝑟𝑒𝑠(𝜆) between 575nm and 670nm among
all the cruises, concentrated in the areas between 68.9W and 68.75W, 68.5W and 68.35 and from 68W
to ~67.6W. The first area corresponds to a strong peak in Chl-a, accompanied by a decrease in SST
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(Figure 4.8G), while the two areas to the east align with changes in Chl-a, although not as strong, and to
increases in SSS. 𝐻𝑀𝑟𝑒𝑠(𝜆) at shorter wavelengths on September 27th vary less along the transect.
Spatially averaged 𝐻𝑀𝑟𝑒𝑠(𝜆) provides a summary of between-cruise spectral differences (Figure
4.9A). At short and mid wavelengths (400-550nm), high values of 𝐻𝑀𝑟𝑒𝑠(𝜆) occur at similar regions in
the spectrum with peaks roughly centered at 400nm, 452nm and 504nm. Differences between cruises
are stronger at longer wavelengths (>550nm). All cruises show an increase in the spectral region 550nm
to ~625nm, strongest at the shorter wavelengths on August 15th, and at the longer wavelength on July
10th, and overall weakest on July 10th. The strongest cruise differences are in the spectral range 625700nm. On July 10th and August 15th, low values are in the range 625-675nm and on September 27th,
they are highest. All the cruises have an 𝐻𝑀𝑟𝑒𝑠(𝜆) peak between 675nm and 700nm, but this is much
stronger on August 15th and weakest on July 10th. Figure 4.9B shows the weight-specific absorption
spectrum for the major phytoplankton pigments and other IOPs for discussion of the 𝐻𝑀𝑟𝑒𝑠(𝜆).
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Figure 4.8: Spatial distribution of 𝐻𝑀𝑟𝑒𝑠(𝜆) and environmental variables for the four Gulf of Maine
transects. Panels are presented in pairs for each cruise and share color scheme. Transects of SST, SST
and Chl-a are showed in A, C, E and G. 𝐻𝑀𝑟𝑒𝑠(𝜆) is represented in (B, D, F and H) for the full spectrum
(400-700nm). White areas in B, D, F and H are missing data due to 𝑅𝑟𝑠(𝜆) processing and/or GIOP failing
to reach closure in IOPs calculation during reconstruction of 𝑅𝑟𝑠′(𝜆).
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Figure 4.9: Spectral characterization of 𝐻𝑀𝑟𝑒𝑠(𝜆) for the four cruises in the Gulf of Maine and
literature-derived phytoplankton pigments and IOPs spectral signatures. A) Spatially averaged spectral
signatures of 𝐻𝑀𝑟𝑒𝑠(𝜆). B) Weight-specific absorption spectrum for the major phytoplankton pigments
(apig). Pure water (aw) and CDOM and NAP (adg) spectral absorption were added for reference and scaled
to match the range in pigment absorption. Pigments are chlorophyll-a (Chl-a), divinyl-chlorophyll-a (DvChl-a), chlorophyll-b (Chl-b), divinyl-chlorophyll-b (Dv-Chl-b), chlorophyll-c1 and c2 (Chl-c1,c2),
Fucoxanthin (Fuco), 19’-butanoyloxyfucoxanthin (19’-BF), 19’-hexanoyloxyfucoxanthin (19’-HF),
Peridinin (Peri), Diadinoxanthin (Diad), Zeaxanthin (Zea), Alloxanthin (Allo), b-carotene (b-car), acarotene (a-car), phycoerythrobilin-rich phycoerythrin (PE-PEB), phycourobilin-rich phycoerythrin (PEPUB). PE-PEB and PE-PUB were obtained from Bidigare et al. (1990), and the remaining pigments were
originally from Bricaud et al. (2004). Pure water absorption spectrum was obtained from Pope and Fry
(1997) and CDOM and NAP absorption spectrum was created using a slope (Sdg) of 0.018 and following
equation 7. Gray areas in A and B correspond to the bandwidth observed by the multispectral ocean
color bands from MODIS-A 1Km.
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Figure 4.8 and Figure 4.9 shows strong spatial and spectral variability in 𝐻𝑀𝑟𝑒𝑠(𝜆) making it of
interest to optically characterize the extremes of this variability. To understand whether these extremes
have similar spectral signatures with varying magnitude, or strong spectral differences. Dividing the
spectra into those with the highest and lowest 5% of the spectrally integrated (400-70nm) 𝐻𝑀𝑟𝑒𝑠(𝜆)
(Figure 4.10) shows that the strongest differences are mostly at wavelengths longer than ~510nm
(Figure 4.10A). At shorter wavelengths, both groups have peaks at similar regions of the spectrum and
the difference in magnitude is ~2-fold. At longer wavelengths, the highest 5% group contains more and
stronger spectral features in 𝐻𝑀𝑟𝑒𝑠(𝜆), the variability among spectra is higher, and they are often 6fold stronger than the lowest 5%. The associated 𝑅𝑟𝑠(𝜆) (Figure 4.10B) shows a clear spectral distinction
between those in the highest and lowest 5% of 𝐻𝑀𝑟𝑒𝑠(𝜆). Among the lowest 5%, the spectral
signatures of 𝑅𝑟𝑠(𝜆) are relatively similar with differences primarily at shorter wavelengths (<500nm).
Among the highest 5% of 𝐻𝑀𝑟𝑒𝑠(𝜆), however, three distinct groups of 𝑅𝑟𝑠(𝜆) are evident. One group
has more reflective waters with elevated 𝑅𝑟𝑠(𝜆) from 400-575nm, highest at mid wavelengths, another
group has low 𝑅𝑟𝑠(𝜆) at shorter wavelengths (400-500nm), peaking near 560nm, and finally there is a
group with intermediate and flat values of 𝑅𝑟𝑠(𝜆) from 400nm to 500nm, decreasing towards longer
wavelengths. This heterogeneity in the highest 5% group of 𝑅𝑟𝑠(𝜆) explains the variability evident in
spectral signatures of 𝐻𝑀𝑟𝑒𝑠(𝜆) (Figure 4.10A).
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Figure 4.10: Spectral composition of 𝐻𝑀𝑟𝑒𝑠(𝜆) (A) and the 𝑅𝑟𝑠(𝜆) (B) for the highest (red) and lowest
(blue) 5% of the value distribution according to their integrated values from 400nm to 700nm. Gray
areas in A and B correspond to the bandwidth observed by the multispectral ocean color bands from
MODIS-A 1Km.
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As an optical product, 𝐻𝑀𝑟𝑒𝑠(𝜆) varies by optical regime tracked by changes in IOPs. Figure 4.11
shows the relationship between spectrally integrated 𝐻𝑀𝑟𝑒𝑠(𝜆) and the contribution (in %) of 𝑎A (443)
and 𝑎/@ (443) to the total absorption of particle and dissolved components (𝑎?@ (443)) and to particle
backscattering (𝑏<? (443)). Because 𝑎A (443) and 𝑎/@ (443) are additive, the x-axis in Figure 4.11A can
be interpreted as a scale of importance between these two to the overall signal of 𝑎?@ (443). It is
important to note that similar responses were observed at different wavelengths (data not shown), but
443nm was chosen as this region of the spectrum is equally important for all IOPs and because their
spectral shape were kept constant in 𝑅𝑟𝑠′(𝜆) calculation. At lower 𝑎A (443) contribution the spectrally
integrated 𝐻𝑀𝑟𝑒𝑠(𝜆) is low, decreasing to a minimum at 21-30% 𝑎A (443) contribution and then
increasing at higher contributions (Figure 4.11A). The variably in the integral of 𝐻𝑀𝑟𝑒𝑠(𝜆) is nearly
constant between the percentage bins, except for the highest contributions. Integrated 𝐻𝑀𝑟𝑒𝑠(𝜆)
shows a strong correlation to 𝑏<? (443) (Figure 4.11B) (r=0.69, p<0.001, df=61). Although the variability
in 𝐻𝑀𝑟𝑒𝑠(𝜆) increases at higher 𝑏<? (443) values, the correlation is positive and significant.
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Figure 4.11: Relationship between integrated 𝐻𝑀𝑟𝑒𝑠(𝜆) (400nm to 700nm) and IOPs. A) according to
the relative contribution of 𝑎A (443) to 𝑎?@ (443), binned at 10% increments, B) according to 𝑏<? (443)
values. Error bars in A correspond to one standard deviation of all values falling within a percentage bin.
Only 9 very similar values represent the 71-80% bin in A, resulting in small error bars.
4.5. Discussion
4.5.1. 𝑹𝒓𝒔(𝝀) and local biogeochemistry
The four GNATS cruises captured the well-documented (e.g., Mountain and Manning, 1994; Thomas
et al., 2003) summer to fall transition in oceanographic and biological conditions in the Gulf of Maine.
The overall decrease in SST-sat and increase in Chl-sat over this period resulted in a succession of
responses in 𝑅𝑟𝑠(𝜆) and its spectral variability. One characteristic of this evolution is the shift from
𝑅𝑟𝑠(𝜆) spectra that peak in the blue region of the spectrum (443-488nm) to 𝑅𝑟𝑠(𝜆) that peak in the
green (510-555nm) (e.g., Figure 4.3). This shift is indicative of an increase in phytoplankton and particle
load of a water body (O’Reilly et al., 1998). Spectral differences in 𝑅𝑟𝑠(𝜆) between cruises were not
equal; smaller in the summer between July 10th and August 5th and more substantial between the
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following cruises. Increased spatial variability in 𝑅𝑟𝑠(𝜆) in the summer cruises reflects the more
heterogeneous spatial patterns in circulation, water masses, temperature and chlorophyll
concentrations common of this season (Townsend et al., 2001; Thomas et al., 2003; Balch et al., 2016).
The spectral dependency of this spatial variability among cruises similarly reflects the heterogeneous
oceanographic conditions across the Gulf of Maine. Cruises in which 𝑅𝑟𝑠(𝜆) variability showed a steady
decrease with wavelength likely reflect changes in concentration of CDOM and NAP, as these
components spectrally absorb predominantly at shorter wavelengths (Carder et al., 1989). CDOM-rich
waters are often found near coastal Maine, with enhanced values at the ExtEMCC (Balch et al., 2016).
Cruises with increased 𝑅𝑟𝑠(𝜆) variability at mid wavelengths likely reflect along-transect changes in
chlorophyll-a concentration that act to decrease shorter wavelength signals and increase backscattering
near 570nm (O’Reilly et al., 1998).
In the EOFs (Figure 4.4), the higher values of Mode 1 at shorter wavelengths suggest this mode is
strongly affected by varying concentrations of NAP and CDOM as the decreasing values at longer
wavelengths are typical of NAP and/or CDOM dominated waters (Bricaud et al., 1981). Both the July 10th
and August 15th cruises show that PC1 is correlated to salinity variability, which could indicate changes in
CDOM in the water. Freshwater discharge is a major source of allochthonous CDOM to coastal systems,
reducing salinity and increasing CDOM in these regions (e.g., Salisbury et al., 2011). Many strong spatial
features in PC1 (Figure 4.6) occurred at or near the ExtEMCC, an area often affected by the Penobscot
River discharge (Pettigrew et al., 1998), indicating these changes in PC1 are correlated with changes in
CDOM associated with the reduction in local salinity. Figure 4.6 shows that on the other two cruises,
major features in the salinity are also spatially matched to those of PC1. Mode 2 has a clear chlorophylla response as increasing phytoplankton concentrations lead to decreasing 𝑅𝑟𝑠(𝜆) at shorter (440490nm) wavelengths and increasing values at mid wavelengths (~555nm) due to the combination of
absorption and backscattering by phytoplankton (Morel and Prieur, 1977). While the August 15th cruise
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did not have a significant correlation between PC2 and Chl-a (Figure 4.7), across transect major features
of both parameters seems to covary.
The spectral variability of surface waters in the Gulf of Maine, represented by the first 3 EOF Modes,
have similar spectral composition to other oceanographic regions. Lange et al. (2020) performed a
similar spectral decomposition in hyperspectral 𝑅𝑟𝑠(𝜆) of the Atlantic Ocean and their primary modes
of variability are highly similar to the ones presented here, although the percentage of the variability
explained was different. This suggests that the Gulf of Maine shares similar sources of variability driving
the optical composition of surface waters, however the relative contribution of each source is different
from those in large scale ocean basins. In higher EOF modes, it is harder to identify one component that
could be affecting their spectral composition. Rather, the increased presence of spectral features in
these modes result from a combination of multiple factors, although these three higher modes
collectively account for less than 0.4% of the total variability. The spectral position of these features
(highs and lows) falls in wavelengths in which phytoplankton accessory pigments absorb strongly (e.g.,
Bidigare et al., 1990; Bricaud et al., 2004) (Figure 4.9), suggesting these modes may be responding to
changes in community structure. The peak at 683nm in EOF Mode 6 suggests it is connected to the
natural fluorescence of chlorophyll-a (Neville and Gower 1977).
The spatial variability of the PCs demonstrates the extent to which hyperspectral 𝑅𝑟𝑠(𝜆) can identify
changes in environmental conditions and water types. In fact, the spatial distributions of PC1 to PC3
align with previously identified optically distinct oceanographic regions in the Gulf of Maine (Balch et al.,
2016). The Jordan Basin area (~ 68.5W to 67W), for example, often showed distinct patterns of
variability in 𝑅𝑟𝑠(𝜆) compared to the surrounding regions (ExtEMCC and Scotian Shelf) and is well
separated by frontal boundaries (e.g., Balch et al., 2012, 2016). The first 3 modes of variability (PC1 to
PC3) showed a response to spatial gradients in SST and/or SSS, typical of frontal systems, and to Chl-a,
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either associated with these fronts or as patches of high Chl-a. The presence of hydrographic frontal
systems in the Gulf of Maine is higher in the summer and the position of the GNATS transects captures
those present near the Scotian Shelf and off the coast of Penobscot Bay (Ullman and Cornillon, 1999).
The lack of a systematic response of some PCs to only one specific environmental variable and/or
varying spatial offsets between the two resulted in low statistical correlations over the entire transect.
However, PC features were consistently observed in areas such as the ExtEMCC and the Scotian Shelf
Frontal Zone. Previous studies assessing the spatial variability of optical properties in the Gulf of Maine
have identified similar patterns across these areas. Balch et al. (2004) showed that spatial distribution of
𝑏<? (𝜆) in the same transect shows higher values near the Maine coast and Scotian Shelf, a secondary
increase at the ExtEMCC and lowest at Jordan Basin. Similarly, Balch et al. (2016) identified the same
patterns for CDOM absorption (𝑎@ (412)). PC1 varied in response to a combination of SST, SSS and Chl-a
spatial features, rather than to a single variable. For example, on August 15th PC1 correlates only to SSS,
but its spatial distribution showed that a strong decline in PC1 coincides with a peak in Chl-a and a
strong decrease in SST from 68.7W to 68.5W. PC2, on the other hand, was more clearly associated with
thermal fronts leading to changes in Chl-a, supported by the strong correlations and by the consistent
alignment in spatial patterns. Such frontal systems with associated Chl-a accumulation are typical of the
Scotian Shelf region, where they separate well-mixed, nutrient-rich waters near the coast from offshore
stratified waters (Fournier et al., 1984). The spatial pattern in PC2 tracked the shift from colder,
chlorophyll-rich Scotian Shelf waters, to warmer and more oligotrophic waters in Jordan Basin and
finally to the colder, fresher and chlorophyll-rich waters of the Maine Coastal Current and ExtEMCC
(Townsend et al., 2001). Because variability in 𝑅𝑟𝑠(𝜆) results from changes in a wide combination of
local biogeochemical processes, the 𝑅𝑟𝑠(𝜆) spectra reveal information and patterns that are often not
evident in single variables such as SST, SSS or Chl-a (e.g., Vandermeulen et al., 2020).
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4.5.2. A comparison of spectral resolution and information
The challenge for comparing hyperspectral and multispectral data is the lack of optical information
between the measured multispectral bands and the optimal interpolation criterion to fill these gaps
(e.g., Lee et al., 2007). Of interest is the extent to which such a filled measurement between
multispectral bands reveals the same features as an actual hyperspectral measurement. The approach
adopted here, where a measured hyperspectral signal was decomposed into simulated multispectral
bands and the missing information between bands reconstructed from derived multispectral IOPs
provides one method to reconstruct unmeasured 𝑅𝑟𝑠(𝜆) data between multispectral bands. Because
any error/difference between measuring instruments is eliminated, this approach ensures the minimal
difference between hyperspectral and multispectral is obtained. Despite this, differences exist over the
visible spectrum, and these were traced to specific water types and optical conditions. The
concentration of higher 𝐻𝑀𝑟𝑒𝑠(𝜆) at frontal regions and associated increases in Chl-a (Figure 4.8) is
indicative of changes in the phytoplankton community and pigments composition. Because all model
parameters during the reconstruction process remained unchanged, differences between 𝑅𝑟𝑠(𝜆)) and
𝑅𝑟𝑠′(𝜆) are solely due to optical properties not incorporated into the reconstruction of 𝑅𝑟𝑠′(𝜆). These
include features associated with changes in pigment composition of phytoplankton (Chase et al., 2013),
natural chlorophyll-a fluorescence (Neville and Gower, 1977) and inelastic scattering (McKinna et al.,
2016; Loisel et al., 2018). These features are commonly present in in-situ measurements but a proper
parametrization and incorporation into forward models is lacking for proper closure (Werdell and
McKinna, 2019).
Interestingly, the behavior of 𝐻𝑀𝑟𝑒𝑠(𝜆) at shorter wavelengths (400-510nm) was similar between
cruises than at longer wavelengths (>510nm) (Figure 4.9A). At shorter wavelengths, two bands in the
spectrum (445-460nm and 490-510nm) showed higher values of 𝐻𝑀𝑟𝑒𝑠(𝜆) for all cruises. These match
regions of the spectrum not captured with most multispectral sensors. In the 445-460nm band,
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absorption by CDOM and NAP are strong and part of this variability is attributable to the correct
parametrization of the exponential decay of NAP and CDOM absorption (Werdell et al., 2013). However,
absorption by multiple phytoplankton pigments is also present in this spectral region and a significant
portion of 𝐻𝑀𝑟𝑒𝑠(𝜆) could also be due to changes in pigment composition and concentration. Pigments
that absorb at these wavelengths include divinyl-chlorophyll-a, chlorophyll-b, divinyl-chlorophyll-b,
chlorophyll-c1,c2, a-carotene, b-carotene, zeaxanthin, alloxanthin and diadinoxanthin (Figure 4.9B)
(Bidigare et al., 1990; Jeffrey and Vesk, 1997). In the 490-510nm band, accessory pigments dominate
spectral absorption with peridinin and fucoxanthin as major contributors and part of the absorption of
19’-butanoyloxyfucoxanthin and 19’-hexanoyloxyfucoxanthin spilling over these wavelengths. Hoepffner
and Sathyendranath (1992) showed strong spatial heterogeneity in phytoplankton pigment composition
between different areas of the Gulf of Maine. They found higher concentrations of pigments typical of
coccolithophores and dinoflagellates (19’-hexanoyloxyfucoxanthin, peridinin and chlorophyll-c3) at
Jordan Basin, while pigments for larger phytoplankton, including diatoms (e.g., fucoxanthin and
diadinoxanthin) were higher at the Scotian Shelf Front. Higher 𝐻𝑀𝑟𝑒𝑠(𝜆) were also present at longer
wavelengths (>550nm) and resulted in most of the differentiation between cruises (Figure 4.9A),
especially in the range 550-650nm. Although pigments are more important modulators of 𝑅𝑟𝑠(𝜆) at
shorter wavelengths, multiple pigments such as phycocyanin typical of some species of Synechococcus
sp. with absorption peaking at 625nm (Colyer et al., 2005), chlorophyll-b, c1, and c2 still impact longer
wavelengths. Except in highly turbid waters, the 𝑅𝑟𝑠(𝜆) signal at wavelengths >600nm is minimal and
subject to variability in pigment concentration and absorption, mostly from divinyl-chlorophyll-a,
chlorophyll-b and chlorophyll-c1,c2 which still represent significant absorption in this region of the
spectrum. The natural fluorescence of chlorophyll-a creates a gaussian-like feature centered at 683nm
proportional to chlorophyll-a concentrations (Neville and Gower, 1977). During reconstruction, the
resulting 𝑅𝑟𝑠′(𝜆) spectrum between 600-700nm is almost linear, with few features other than the
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decrease in reflectance near 676nm where the second peak in chlorophyll-a absorption occurs (Bidigare
et al., 1990). Differences between the measured 𝑅𝑟𝑠(𝜆) from 600 to ~676nm, which accounts for the
absorption of accessory pigments in this spectral range, and the modeled 𝑅𝑟𝑠′(𝜆) result in elevated
𝐻𝑀𝑟𝑒𝑠(𝜆). Similarly, near the chlorophyll-a fluorescence peak (683nm), measured 𝑅𝑟𝑠(𝜆) captured the
signal and produced higher reflectance values than the reconstructed 𝑅𝑟𝑠′(𝜆), resulting in higher
𝐻𝑀𝑟𝑒𝑠(𝜆). Both results imply improved ocean information from the hyperspectral measurements.
Not unexpectedly, the magnitude of 𝐻𝑀𝑟𝑒𝑠(𝜆) increased with increasing relative contribution of
𝑎A (443) to 𝑎?@ (443) and with increasing 𝑏<? (443) (Figure 4.11). With increasing concentrations of
chlorophyll-a, and therefore relative contribution of 𝑎A (443), the spectral effects of chlorophyll-a
absorption in the 𝑅𝑟𝑠(𝜆) are accentuated, along with those of often associated accessory pigments.
Such spectral nuances across the spectrum are not fully captured in multispectral measurements and
therefore in 𝑅𝑟𝑠′(𝜆), resulting in the observed increase in 𝐻𝑀𝑟𝑒𝑠(𝜆). A good example is the previously
mentioned effect of the natural fluorescence signal of chlorophyll-a that is not present in 𝑅𝑟𝑠′(𝜆)
affecting the magnitude of 𝐻𝑀𝑟𝑒𝑠(𝜆). Increased concentrations of accessory pigments exacerbate the
difference between 𝑅𝑟𝑠(𝜆) and 𝑅𝑟𝑠′(𝜆), as the latter is a chlorophyll-a based reconstruction that does
not incorporate additional phytoplankton pigments. The proper parametrizations of 𝑆/@ and 𝑆<? are
likely to affect the magnitude of 𝐻𝑀𝑟𝑒𝑠(𝜆) as they modulate the magnitude of 𝑎/@ (𝜆) and 𝑏<? (𝜆)
spectrally, therefore affecting 𝑅𝑟𝑠′(𝜆). Although these effects were not tested here, Werdell et al.
(2013) have shown that the retrieval of eigenvalues by the GIOP, the first step in calculating 𝑅𝑟𝑠′(𝜆), is
more affected by 𝑆/@ , while fairly insensitive to 𝑆<? when the latter is determined following Lee et al.
(2002) as it was here. Sauer and Roesler (2013) analyzed the spatial variability in 𝑆<? in part of our study
area (Jordan Basin and Scotian Shelf) and their finding show little variability of 𝑆<? in these surface
waters. Therefore, it is likely that 𝑆<? is exerting little influence in 𝐻𝑀𝑟𝑒𝑠(𝜆) in our study area. At longer
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wavelengths, where the effects of pigments, CDOM and NAP are reduced and most of the reflectance
variability is linked to backscattering, proper determination of 𝑏<? (𝜆) is crucial. Naturally, these
relationships will change in regions of the ocean where optical conditions deviate from those in our
study area, and because the interaction between IOPs is non-linear at larger concentrations.
4.6. Conclusion
This work provides new insights into the variability of ocean color in the Gulf of Maine and illustrates
the potential of increased spectral resolution to investigate the ocean environment. The primary modes
of variability in hyperspectral 𝑅𝑟𝑠(𝜆) identified optically similar areas in the Gulf of Maine as well as
features in areas of rapid change in local ocean biogeochemistry associated with frontal boundaries.
Although these responses are not systematic, changes in 𝑅𝑟𝑠(𝜆) were consistently associated with
strong environmental gradients and evolve between summer and early fall as the region progresses
from more oligotrophic surface conditions to a more chlorophyll abundant system. The data allows a
direct comparison between multispectral and hyperspectral 𝑅𝑟𝑠(𝜆) and so provides a clear assessment
of the difference in information between the two in these optically complex coastal waters. These
differences vary spatially, temporally, and spectrally across the Gulf of Maine. Spectral regions between
the multispectral bands had the highest 𝐻𝑀𝑟𝑒𝑠(𝜆) and often correspond to wavelengths where
phytoplankton accessory pigments absorb. These differences varied according to the contribution of
phytoplankton absorption and particulate backscattering to the 𝑅𝑟𝑠(𝜆) signal. High spectral resolution
data, rather than multispectral or a unidimensional variable (e.g. chlorophyll-a, temperature, salinity)
therefore offers a significant advantage in separating and identifying components driving bio-optical
variability in the Gulf of Maine.
Without concurrent pigment or community structure information, it is not possible to quantitatively
assess the links between the observed changes in hyperspectral 𝑅𝑟𝑠(𝜆) signal, or its variability, and the
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actual phytoplankton community. However, the hyperspectral data tracked here over the Gulf of Maine
clearly show that important and quantifiable changes occur in spectral regions not well sampled by
multi-spectral instruments. Additionally, these changes occur in spectral regions previously documented
to be regions of increased absorption by phytoplankton accessory pigments, indicative of differing
community structures. Finally, these changes occur in geographic and oceanographic regions of strong
gradients, locations where frontal zones and/or changes in hydrographic properties will preferentially
drive shifts in phytoplankton community structure. Future work that seeks to link hyperspectral
measurements to specific phytoplankton communities in the Gulf of Maine will require additional
concurrent information. The data presented here highlight the potential for increased phytoplankton
community information, in both time and space, afforded by the upcoming NASA hyperspectral PACE
mission, in a biologically productive and socio-economically important shelf region such as the Gulf of
Maine.

107

5. DISCUSSION
The findings presented here provide new information about local dynamics and phenological
changes in blooms, and the preferred thermal and optical habitats of A. catenella in the Gulf of Maine
and Bay of Fundy. The use of a long and continuous time series of cell concentrations in the Bay of
Fundy allowed the exploration of different aspects of A. catenella bloom evolution, its preferred thermal
habitat, and temporal trends in the timing of occurrence of both the bloom and the habitat. The
aggregation of data from multiple cruises in the Gulf of Maine allowed an effective characterization of
the environmental and optical conditions associated with two categories of A. catenella cell
concentration and the variability of these habitats in space and time on a regional scale. With higher
spectral resolution sensors, it was possible to quantify and characterize the variability in ocean color of
surface waters in the Gulf of Maine and to link this variability to environmental gradients and seasonal
changes. Moreover, differences in the information between coincident lower and higher spectral
resolution data were wavelength-specific and connected to the phytoplankton community structure.
The determination of the preferred thermal habitat associated with early stages of the bloom
formation is a contribution to the community’s ability to characterize A. catenella blooms in the region.
Previous studies addressed the thermal habitat of A. catenella at later or unidentified stages of bloom
development (e.g., Townsend et al., 2001). Results here identified the thermal habitat associated with
both low cell concentrations (early detection) and to the rapid increase in cell concentration (bloom
initiation). Determining the temperature conditions associated with early detection of the bloom is
critical as A. catenella can be toxic and promote shellfish closures at very low cell concentrations. Links
between surface temperature, thermal habitats, and bloom phenology metrics showed that climatedriven regional warming is driving the date of occurrence of thermal habitats and bloom early detection
and initiation dates earlier in the season. Earlier dates for A. catenella are cause for concern for policy
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making and resources management and such changes will need to be incorporated into both monitoring
strategies and forecasting models for the region. With the blooms and thermal habitats occurring earlier
in the year, associated shifts in shellfish harvesting closures to prevent paralytic shellfish poisoning are
expected. Additionally, shellfish species are negatively affected by A. catenella blooms if they occur
during spawning season (Galimany et al., 2008), causing longer shellfish harvesting closures. The
projected trends in bloom initiation dates for A. catenella are expected to overlap with the spawning
season of many commercial shellfish species, resulting in extended harvesting closures and economic
losses.
The findings presented for the Bay of Fundy, however, cannot be directly transposed to the greater
Gulf of Maine, as the oceanographic conditions between these two regions are distinct. Analysis of the
relationships between A. catenella occurrence and environmental conditions and ocean color over the
entire Gulf of Maine showed patterns and associations were not straightforward. Among the optical and
environmental groups of water types identified in this work, none was exclusive to A. catenella
occurrence. However, differentiation occurred regarding the magnitude of cell concentration, with
higher concentrations occurring at different water types than lower concentrations. These groups of
water types had distinct biogeochemical and optical properties, illustrating the mosaic of habitats in
which A. catenella can grow in the region. However, sampling efforts in the Gulf of Maine occurred at
different times in the bloom season and likely sampled A. catenella blooms at different stages (e.g.,
initiation, climax, termination), resulting in a larger set of environmental conditions when grouped
monthly.
The use of remote sensing ocean color products to classify water parcels has been widely and
successfully applied (e.g., Mélin and Vantrepotte, 2015). Although for A. catenella in the Gulf of Maine
such characterization of the optical habitat had limitations, remote sensing reflectance is sensitive to
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changes in phytoplankton community composition and could still provide valuable information on the
environmental conditions in the Gulf of Maine. For example, the optical water types presented from
multispectral data could benefit from the higher spectral resolution data promised by the upcoming
NASA PACE mission. This would allow the exploration of spectral features that reveal important
biogeochemical conditions not measured with fewer spectral bands.
Variability in hyperspectral remote sensing reflectance in the Gulf of Maine was consistently
associated with strong environmental gradients. Driven by local circulation and changes in physical
structure, the location of such gradients varied over time. Differences between multispectral and
hyperspectral remote sensing reflectance varied spatially, temporally and spectrally across the Gulf of
Maine. These differences were stronger when phytoplankton was optically dominant and at
wavelengths where phytoplankton accessory pigments absorb. It is likely that changes in phytoplankton
community structure, either in cell size or species and pigment composition, or both, are driving these
differences. Here, without concurrent pigment or community structure information, it is not possible to
quantify this association.
The characterization of the thermal habitat provided here from the Bay of Fundy establishes a model
for future monitoring systems of the thermal conditions leading to blooms of A. catenella. As the
thermal habitats were separated in early detection and bloom initiation phases, it may be possible to
create an early warning system, resulting in more precise timing of shellfish harvesting closures. Future
studies would benefit from increasing temporal sampling frequency at the expense of spatial coverage,
focusing on a few critical areas in the Gulf of Maine. This would allow for a better delineation of the
environmental conditions associated with the initial development of A. catenella blooms. Ideally, the
association of frequent sampling efforts (e.g., eDNA) with Lagrangian modeling would improve the
understanding and quantification of the evolution of the bloom in a parcel of water. Circulation models
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show strong horizontal transport of particles, including A. catenella cells, from the Bay of Fundy to parts
of the Western Gulf of Maine and offshore (e.g., Xue et al., 2008; Li et al., 2022). To fully explore the
spectral variability of surface waters in the Gulf of Maine, future work will require concurrent
information on optical constituents, especially phytoplankton community structure and pigment
composition. These requirements are aligned with the goals of the upcoming NASA hyperspectral PACE
mission and would provide strong leverage for long-term assessment of the optical conditions in a
biologically productive and socio-economically important shelf region such as the Gulf of Maine.
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APPENDICES
APPENDIX A: DOUBLE BLOOM EVENTS
Among the 27 years (1998-2014) of available cell concentration data for Alexandrium catenella, 6
years (1989, 1996, 1997, 1998, 2000 and 2009) have shown two bloom events as defined by the
threshold method (as previously presented in section 2.3.1) (Figure A.1). The concentration of A.
catenella in the water surpassed the defined threshold in both bloom events each year and were
separated by at least a 14-day period. In 1989 (Figure A.1A), 1996 (Figure A.1B), the second bloom of the
season is stronger (higher maximum concentration) than the previous, while in the remaining of the
years (Figure A.1C-F), the first bloom is the strongest.

Figure A.1: Years with multiple blooms of A. catenella in the Bay of Fundy. Solid black lines in each plot
correspond to the concentration of A. catenella, while the dotted red line corresponds to the annual
threshold to determine a blooms event and from which the bloom metrics are calculated. Two bloom
events were observed in each of the years: 1989 (A), 1996 (B), 1997 (C), 1998 (D), 2000 (E) and 2009 (F).
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APPENDIX B: AREA SAMPLED IN EACH A. CATENELLA SURVEY FROM 1998 TO 2019
The area sampled in each oceanographic survey during the bloom season of A. catenella from 1998
to 2019 is presented in Figure B.1, Figure B.2 and Figure B.3 and divided by decades. Each panel
corresponds to an individual cruise, with the stations sampled (red dots) inside the cruise domain (blue
shaded area).

Figure B.1: Assemblage of the oceanographic surveys during the bloom season of A. catenella in the Gulf
of Maine between 1998 and 2000. Shaded blue area corresponds to the common, often sampled cruise
domain we selected to analyze. Red dots correspond to the stations sampled containing A. catenella
information. Each plot corresponds to a given cruise, denoted as the title of the plot along with the
corresponding year sampled. Stations outside the cruise domain were removed from the plots.
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Figure B.2: Same as Figure B.1, but from 2001 to 2010.
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Figure B.3: Same as Figure B.1, but from 2011 to 2019.
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APPENDIX C: DISTRIBUTION OF THE SEA-SURFACE REFLECTANCE INDEX (𝝆𝒔𝒌𝒚 ) FOR REMOTE
SENSING REFLECTANCE CALCULATION
Figure C.1 shows the range, frequency and spatial distribution of 𝜌012 values over the four GNATS
cruises in the Gulf of Maine prior to quality assessment of the resulting 𝑅𝑟𝑠(𝜆) spectrum. Values of 𝜌012
on July 10th ranged from 0.019 to 0.065 with the median centered at 0.043 (Figure C.1A). During this
cruise, lower values are concentrated between 69.25W and 68.25W, while higher values of 𝜌012 occur
eastward (Figure C.1B). On August 4th, 𝜌012 ranged from 0.025 to 0.389 with the median at 0.04 (Figure
C.1C). The higher values of 𝜌012 on August 4th occurs at a small area, from 67.2W to 67W, while the
remaining of the transect shows values of 𝜌012 ranging from 0.025 to 0.065 (Figure C.1D). On August
15th, values of 𝜌012 ranged from 0.019 to 0.077, with a median at 0.027 (Figure C.1E). These values show
low variability along the transect, with a concentration of higher values near 68.75W (Figure C.1F). On
September 27th, 𝜌012 values range from 0.032 to 0.272 with the median at 0.046 (Figure C.1G). This
cruise shows two areas with higher values of 𝜌012 , the first between 69.5W and 68.9W and the second
near 67.3W, while lower values of 𝜌012 occur between these two areas (Figure C.1H).
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Figure C.1: Histograms of 𝜌012 values (left panels) and their spatial distribution (right panels) along the
GNATS transects from July 10th to September 27th prior to quality assessment.
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APPENDIX D: QUALITY ASSESSMENT OF REMOTE SENSING REFLECTANCE RESULTING SPECTRA
– FREQUENCY AND SPATIAL DISTIRBUTION
Overall, all the GNATS cruises contain good quality 𝑅𝑟𝑠(𝜆) data, as represented by QA values above
0.5 (Figure D.1) and with the majority of the QA values between 0.8 and 1. Among the cruises, only on
July 10th and September 27th unfitted 𝑅𝑟𝑠(𝜆) data occurred, with values of QA<0.5 (Figure D.1A and D).
QA values ranged from 0.3 to 1 on July 10th (Figure D.1A), from 0.78 to 1 on August 4th (Figure D.1B),
from 0.89 to 1 on August 15th (Figure D.1C) and from 0.44 to 1 on September 27th (Figure D.1D). The
spatial distribution of QA values (Figure D.1E) does not show a consistent pattern shared among cruises.
A continuous area of lower QA occurs on July 10th from ~66.8W to 68.25W and QA<0.5 occurs between
67.5W and ~68W. On August 4th, an area from 68.6W to 67.3W shows slightly lower (0.8-0.9) QA values
than the remaining of the transect. QA values on August 15th show small variation along the transect. On
September 27th, lower values of QA occur from 68.75W to ~69.5W with the westernmost area of the
transect containing the lowest values, including those below 0.5.
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Figure D.1: Quality assessment (QA Score, Wei et al., 2016) of the hyperspectral 𝑅𝑟𝑠(𝜆) spectra from the
GNATS cruises in the Gulf of Maine. Panels A-E correspond to the number of 𝑅𝑟𝑠(𝜆) spectra in each 0.1
intervals of the QA Score (minimum of 0 and maximum of 1). The dotted line at QA=0.5 denotes the
threshold in which 𝑅𝑟𝑠(𝜆) spectra with smaller values are discarded from the analysis. F) Spatial
distribution of the QA Score along the transect. Colors are maintained per cruise.
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